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Abstract
Climate variability is an important characteristic of regional climate, and a subject to signifi-
cant control from teleconnections. An extended diagnosis of the capacity of climate models to
represent remote controls of regional climate (teleconnections) is vital for assessing model-based
predictions of climate variability, understanding uncertainty in climate projections and model
development. An important driver of climate variability for Africa is the sea surface temperature
(SST) - rainfall teleconnection, such as the El Nin˜o/Southern Oscillation (ENSO) and Indian
Ocean Dipole (IOD). In this study, an assessment of the teleconnection between tropical SSTs
and Eastern African rainfall in global and regional climate models is presented, with partic-
ular attention paid to the propagation of large-scale teleconnection signals (as represented by
model reanalyses and Coupled Global Climate models (CGCMs)) into the domain of the Re-
gional Climate Models (RCMs). The teleconnection-rainfall relationship with the Eastern Africa
region is assessed in two rainfall seasons (June-July-August-September and October-November-
December) under present and future periods. Evaluation runs (RCMs driven by reanalysis
datasets) and historical simulations (RCMs driven by CGCMs) are assessed to quantify the abil-
ity of the models to capture the teleconnection relationship. The future analysis is performed
for two Representative Concentration Pathway scenarios (RCP4.5 and RCP8.5) to assess future
change in this relationship as a result of global warming.
Using ERA-interim reanalysis as perfect boundary conditions, the RCMs adequately simulate the
spatial and temporal distribution of rainfall in comparison with observations, although the model
performance varies locally and seasonally within the region. Furthermore, the RCMs correctly
capture the magnitude and spatial extent regional-scale seasonal rainfall anomalies associated
with large-scale oceanic modes (ENSO and IOD). When the lateral boundary conditions are
provided by CGCMs, RCMs barely capture the regional teleconnection patterns associated with
large-scale modes, and mostly depend on the selection of the driving CGCM. Comparison of
the CGCM-driven RCM simulations with the reanalysis-driven RCM simulations revealed that
most of the errors in teleconnection found in the RCM simulations are inherited from the host
CGCMs. The ERA-Interim driven downscaled results show better agreement with observed
spatial teleconnection patterns than the CGCM driven downscaled results.
Analysis of the CGCMs and corresponding downscaled results showed that in most cases both
the CGCM and the corresponding downscaled simulations had similar teleconnection patterns,
but in some cases the RCM results diverge to those of the driving CGCM results. It has
been demonstrated that similarities in SST-rainfall teleconnection patterns between the RCM
simulations and respective driving CGCM simulations are noted over the equatorial and southern
part of the region during OND season, where the rainfall is primarily controlled by large-scale
(synoptic-scale) features, with the RCMs maintaining the overall regional patterns from the
forcing models. Di↵erences in RCM simulations from corresponding driving simulations are
noted mainly over northern part of the domain during JJAS, which is most likely related to
mesoscale processes that are not resolved by CGCMs.
Looking at the model projections of the future, although the spatial pattern of teleconnections
between ENSO/IOD and rainfall still persist, important changes in the strength of the telecon-
nection have been found. During JJAS, ENSO is an important driver of rainfall variability in the
northern parts of the region where dry anomalies are associated with El Nin˜o and wetter anoma-
lies with La Nin˜a. Both regional and global ensemble projections show higher rainfall during
La Nin˜a and lower rainfall during El Nin˜o over the northern part of the region compared to the
present period. During OND, the teleconnection between ENSO/IOD and rainfall is projected
to strengthen (weaken) over Eastern horn of Africa (southern parts of the region) compared to
the present period. This implies heavy seasonal rains associated with positive phases of ENSO
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and IOD will increase in future across the Eastern horn of Africa. The change OND rainfall
teleconnections are stronger and also more consistent between the models and scenarios as com-
pared to the change in JJAS teleconnections. These findings have an important implication for
the water and agricultural managers and policies in the region to tackle the anticipated droughts
and floods associated anthropogenic climate change.
Finally, the analysis demonstrated that the largest source of uncertainty in the regional climate
model simulations in the context of teleconnective forcing of rainfall over Eastern Africa is
the choice of CGCM used to force the RCMs, reinforcing the understanding that the use of a
single GCM to downscale climate predictions/projections and using the downscaled product for
assessment of climate change projections is insu cient. Simulations from multiple RCMs nested
in more than one GCM, as is undertaken in the Coordinated Regional Downscaling Experiment
(CORDEX), are needed to characterize the uncertainty and provide estimates of likely ranges
of future regional climate changes.
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Introduction
1.1 Background
Eastern Africa is the easterly region of sub-Saharan Africa that consists of two distinct geographic
regions: East Africa which includes Kenya, Tanzania and Uganda, and Horn of Africa which
consists of Somalia, Ethiopia, Eritrea and Djibouti. Other nations such as Sudan, Burundi,
Rwanda and South Sudan are also considered as a part of Eastern Africa. This is an interesting
region for climate research as the climate of the region is very diverse and highly variable, with the
Danakil desert known for its volcanoes and extreme heat at one side, and the cooler and wetter
Ethiopian and East Africa highlands at the other. There are several processes that drive the
climate of the region, with complex interrelations that are not yet fully understood (Nicholson,
1996; Lyon, 2014). The existence of large water bodies, mountains and valleys produce local
circulations and modulate the region’s climate by either amplifying or suppressing the general
circulation of the atmosphere.
Rainfall is the most important climatic element over the region. This is primarily because
of the local/regional economies are largely dependent by rain-fed agriculture, and secondly the
largest source of electricity generation in the region is hydropower. The rainfall over the region
shows high spatiotemporal variability. The spatial variability of rainfall has been attributed to
the influence of local features (torography and water bodies) and large scales systems (Nicholson
and Kim, 1997). The local factors such as the high mountains and large inland lakes modulates
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regional climates through the generation of orographic precipitation and lake/land breeze circu-
lation (Anyah and Semazzi, 2004; Song et al., 2004). The seasonality of rainfall over the region
is primarily controlled by the bi-annual passage of the inter-tropical convergence zone (ITCZ)
(Johnson, 1996; Anyah et al., 2006). The seasonal to inter-annual variability of rainfall over
the region is strongly linked to large-scale patterns of sea surface temperature (SST) variability
in the global Oceans, particularly associated with SST variability over the tropical Pacific and
Indian Oceans (Ogallo et al., 1988; Nicholson and Kim, 1997; Indeje et al., 2000; Saji et al.,
1999; Black et al., 2003; Nyakwada, 2009; Omondi et al., 2012). El Nin˜o Southern Oscillation
(ENSO) and Indian Ocean Dipole (IOD) are the two dominant modes of climate variability over
the tropics that control Eastern Africa rainfall at inter-annual time scales and causing wetter
or drier seasons. Although the association (teleconnection) between ENSO/IOD and seasonal
rainfall variability in the region have been investigated, the underlying physical mechanisms
responsible for rainfall variability and future changes in teleconnection patterns have yet to be
fully elucidated.
Global Climate Models (GCMs) are the fundamental tools for simulating the past climate and
projected future evolution of the climate system in response to anthropogenic forcings, such as the
increase in greenhouse gas (GHG) and aerosol concentrations. However, since GCMs cover the
entire globe, the simulations are typically run at relatively coarse horizontal resolution due to the
computational costs. The most updated GCMs from the phase 5 Coupled Model Intercomparison
Project (CMIP5) run on horizontal resolutions of the order of hundreds of kilometers (100-
300km) (Stou↵er et al., 2011; Taylor et al., 2012). GCMs at this resolution have the potential to
capture the global climate characteristics and broad circulations patterns. (Shongwe et al., 2009).
However, they are not capable of capturing sub-grid-scale processes/forcings such as mountains,
lakes, land-use characteristics and atmospheric aerosols and others (Giorgi and Mearns, 1991,
1999; Denis et al., 2002; Wang et al., 2004; Giorgi et al., 2009; Rummukainen, 2009). These
regional-scale forcings are responsible for modulating the large-scale circulation features that
determine the regional climate. This is especially true for regions of complex topography, coastal
locations and in regions of highly heterogeneous land-cover. Moreover, coarse resolution limits
the applicability of global model outputs for impacts and adaptation studies, which are much
finer than that provided by global models (tens of kilometers or less) (Evans, 2011).
In order to obtain regional climate information, di↵erent methods to downscale climate data
from coarse-scale GCM output have been developed. These downscaling methodologies may be
categorized into two broad classes: statistical and dynamical. Statistical downscaling is based on
first developing a statistical model, which relates some large scale climate variables or predictors
(e.g., sea level pressure, geopotential height, wind fields, relative humidity) and regional/local
variables or predictands (such as rainfall or temperature) (Hewitson and Crane, 1996; Wilby
et al., 2004). The large-scale variable from a GCM output is then fed into the statistical model
to calculate the corresponding local/regional climate feature. Dynamical downscaling, on the
other hand, is based on mathematical representations of the physical processes that create the
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climate system, similar to GCMs, but applied over a limited area at a higher spatial resolution
than the GCMs (Giorgi and Mearns, 1999). Dynamical downscaling is done with a Regional
Climate Model (RCM). In case of dynamical downscaling, driving data from reanalysis or GCM
is used to force the boundaries of an RCM over a limited area. The basic set of boundary
conditions are temperature, moisture, and circulation (winds), as well as sea-surface temperature
and sea ice. An accurate treatment of boundary conditions is a central issue in regional modeling
(Rummukainen, 2009).
Both statistical and dynamical techniques have strengths and weaknesses. The main strength
of statistical downscaling techniques is that they are computationally e cient, and thus can be
easily applied to output from di↵erent GCM experiments, and as a result the range of uncertainty
in the projections can be more easily explored. Moreover, statistical downscaling techniques
have the capacity to downscale to specific point or gridded observations, so that the product is
more readily compatible with the data typically used in impact models. The main weakness is
they assume stationarity (i.e., the statistical relationships developed for the present day climate
also hold under the di↵erent forcing conditions of possible future climate). The quality and
coverage of observational data also often represent a notable constraint in statistical downscaling
in data sparse regions since the technique is developed using existing observational datasets. The
main strength of dynamical downscaling is their dynamical representation of higher resolution
processes relevant to the local climate, and o↵er a range of climate variables. The main drawback
in dynamical downscaling is the computational cost, which makes di cult to downscale many
GCMs.
Both statistical and dynamical techniques also shared common issues. Both techniques use
GCM output as input and thus are fully dependent on the accuracy of circulation patterns
produced by GCMs. Dynamical models, however, through higher resolution or better repre-
sentation of important physical processes, often can improve the physical realism of simulated
regional circulation. Moreover, both techniques are dependent on adequate observational data
(i.e for statistical downscaling data are needed to develop the downscaling relationships; for
dynamical models data are used to develop the models parameterizations). Both techniques are
also vulnerable to issues of stationarity. Statistical techniques are vulnerable in the statistical
methods employed to capture the statistical relationships, whereas dynamical downscaling is
vulnerable in terms of the parameterizations used in the model.
Recently, RCMs became the most widely used tools for climate process studies and to address
regional climate information. RCMs consistently improve the spatial detail of simulated climate
compared to GCMs (Giorgi et al., 2001). They have the ability to translate large scale climate
patterns produced by a GCM to regional scales relevant to the analysis of local extremes of floods
and droughts. They have also the potential to provide insights into regional scale responses to
remote large scale climate dynamics such as El Nin˜o Southern Oscillation (ENSO). During recent
years, there has been a marked increase in the number of RCM simulations (IPCC, 2007, 2014).
More importantly, coordinated modelling e↵orts for several regions of the world have started to
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emerge to further improve the quality of the RCM results and also to explore the associated
uncertainty of the regional climate model products. For example, over Europe (ENSEMBLES:
Hewitt and Director (2005)), North America (NARCCAP: Paulsen et al. (2009)), and South
America (Boulanger et al. (2010), CLARIS: Rusticucci and Barrucand (2004)) produced large
ensembles of RCM simulations. Recently, the Coordinated Regional climate Downscaling Ex-
periment (CORDEX: Giorgi et al. (2009)), which is an initiative of the World Climate Research
Programme (WCRP), o↵ers an opportunity to advance our understanding of regional climate
processes and to provide valuable information for the impact community. The primary aim of
CORDEX is to produce a new generation of large multi-model ensembles of regional climate
change projections over domains covering all continental areas of the world for use in impact
assessment and adaptation studies. This includes the construction of a many RCM driven by
many GCM ensemble is vital for dealing with the uncertainty associated with future projections.
Africa was selected as a priority region, thus providing an opportunity to improve climate-change
projections over Africa.
Given the heterogeneity and complexity of Eastern Africa, and the capability of RCMs to
resolve small scale features (topographical details and coastal regions) as well as the potential
to provide insights into regional scale responses to remote large scale climate, the application
of regional climate models over Eastern Africa o↵ers significant potential to expand our under-
standing of regional change. This study uses an ensemble of regional climate simulations to
explore the present and future climate variability and to investigate the physical mechanisms
associated with variability over Eastern Africa. Even though some studies have employed re-
gional climate models in the region, most results are based on a single model realization, either
using one driving GCM or one RCM. Among these studies, many of them used the various
versions of the International Centre for Theoretical Physics (ICTP) Regional Climate Model
system (RegCM) model. For example, Sun et al. (1999a,b) employed the RegCM2 to simulate
the interannual variability of rainfall over Eastern Africa for the short-rains season. Anyah and
Semazzi (2004) and Anyah and Semazzi (2007) used RegCM2 and RegCM3 to study the response
of Lake Victoria basin climate to changes in the lake surface temperatures, and the OctoberDe-
cember (OND) rainfall variability, respectively. Similarly, Segele et al. (2009b) evaluated the
ability of the RegCM3 model to reproduce the observed rainfall amounts and distribution over
the Greater Horn of Africa, and Diro et al. (2012) examined the skill RegCM3 model to repro-
duce the spatial and temporal variability rainfall over Eastern Africa using boundary conditions
from ERA-interim reanalysis and the European Centre for Medium-range Weather Forecast
(ECMWF) atmosphere-Ocean coupled model seasonal forecasting system. Recently, Ogwang
et al. (2015a) and Ogwang et al. (2015b) evaluated the capability of RegCM4 in simulating
East African climate, focusing on October to December (OND) rainfall. It is, however, well
known that each model has its own strengths and weaknesses. Yet, the application of ensemble
of RCMs in climate studies over Eastern Africa has not been robustly evaluated. This study
attempted to bridge the gap by using ensemble of RCM simulations to assess models’ ability in
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reproducing the rainfall telecoonection patterns over Eastern Africa and investigate the future
projected changes under increase greenhouse gas concentrations.
1.2 Motivation
Eastern Africa is one of the most vulnerable regions to climate change and climate variability
(IPCC, 2014). Climate extremes such as floods, droughts and heatwaves, which aggravated by
climate change and its variability, are being experienced more frequently over the region. This
negatively a↵ects the food security and leads to widespread famine and humanitarian crises.
For example, the heavy rainfall events in 1961, 1994 and 1997, which caused wide spread floods
across East Africa and the Horn of Africa a↵ected millions of people and led to significant
economic disruption over the region (Odingo, 1962; Birkett et al., 1999). The 1982/83 severe
drought combined with civil conflict triggered a famine that lead to an estimated one million
fatalities in northern Ethiopia and Sudan (Devereux and Berge, 2000; Lyon, 2014). The two
major recent droughts in the last two decades, 2008-2009 and 2010/2011, in wide regions of
Kenya, Ethiopia, Djibouti and Somalia, a↵ected food security and subjected millions of peoples
to famine (UNOCHA, 2011). More recently, in 2015, the failure of March to May (MAM)
rainfall and subsequently summer (JJAS) rainfall associated with El Nin˜o event have caused a
devastating impact over the region. According to the latest reports released by the government
of Ethiopia and Humanitarian partners’ document, in Ethiopia alone about 15 million people
were food insecure and in need of emergency food aid. There is also a growing evidence that
these impacts may be further amplified as global temperatures continue to rise in response to
increase greenhouse gases. The latest Intergovernmental Panel on Climate Change Assessment
Report (IPCC AR5) suggested that climate change will lead to an increase in the frequency
and intensity of climate extremes over the region. Therefore, a better understanding of climate
variability and change in the region is important to help minimize climate-related losses and
further develop appropriate risk management and adaptation strategies.
It is widely established that inter-annual variability in Eastern Africa is mainly influenced
by global-scale sea surface temperature (SST) anomalies through teleconnection responses (e.g.,
Ropelewski and Halpert, 1987; Nicholson and Kim, 1997; Omondi et al., 2012). In particular,
SST anomalies over the tropical Pacific and Indian Ocean are suggested to be the dominant
drivers of the rainfall variability over the region (Ogallo et al., 1988; Indeje et al., 2000; Saji
et al., 1999; Black et al., 2003; Segele et al., 2009b; Diro et al., 2011). Adequate representation
of such processes is important to obtain reliable model predictions of climate variability and
also to provide a basis for changes in global Ocean temperatures to be credibly translated to
regional rainfall changes in climate change simulations. To date there has been limited regional
assessment of the ability of current climate models to represent these observed teleconnections
and the underlying mechanisms over Eastern Africa. With this in mind, this study aims to
examine the ability of climate models (global and regional) to simulate to remote influences
5
(teleconnections) on the regions rainfall variability. The study further investigates the future
changes in teleconnection patterns under a warming scenario.
1.3 Aim and objectives of the study
Aims
• To examine the ability of climate models (regional and global) to reproduce the telconnec-
tion forcing of tropical SST on rainfall over Eastern Africa and
• To investigate whether or not the present teleconnection patterns persist in the future
under increase greenhouse gas scenarios.
Objectives
• To evaluate the ability of the RCMs
? to simulate the observed spatial and temporal characteristics of regional rainfall
? reproduce the regional teleconnection responses to the propagated signal via the
boundary forcing
• To assess how well models (global and regional) can simulate the regional atmospheric
circulation patterns/anomalies associated with the teleconnections in the historical period
• To investigate whether the historical teleconnections persist in future under a global warm-
ing scenario
Emphasis is given in examining the propagation by RCMs of a large-scale teleconnection
pattern, such as the ENSO and IOD (as represented by model reanalyses of historical climate
and by CGCMs). The research focuses on seasonal time scale of rainy seasons: June - September
(JJAS) and October- December (OND), when most of the region receives rainfall. It has been
also established that the JJAS and OND rainfall seasons experience larger degree of interannual
variability relative to climatology, and the variability is linked to tropical SST anomalies (Ogallo
et al., 1988; Indeje et al., 2000; Saji et al., 1999; Diro et al., 2011). The long rainfall season
that occurs in MAM (March - May) is not considered in the analysis since the rainfall has has a
weak association with tropical SST anomalies at interannual timescale (e.g., Indeje et al., 2000;
Nyakwada, 2009).
1.4 Significance of the study
This research study contributes to climate change knowledge in the following ways:
1. It advances scientific understanding of past and present climate variability in the region
and the physical processes which control the seasonal climatic variability. Better scientific
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understanding of the climate processes of the region is important to improve our ability to
predict climate and help users incorporate its inherent uncertainty into decision-making.
2. It provides baseline information on model performance in reproducing the association
between large-scale features (ENSO and IOD) and seasonal rainfall variability over Eastern
Africa. In this regard, models that capture the teleconnection signals in the rainfall and
circulation fields would be preferred for the study of the likely future rainfall changes, and
for use in impact studies over the region.
3. It gives information to the modeling community about the strengths and weakness of the
models, which help them to further improve their models in future.
4. It o↵ers significant insights into the future rainfall changes associated with ENSO and
IOD over the region. Given the potential impact of climate change on climate variability
at regional scales, the future rainfall changes associated with ENSO and IOD provided in
this study may be used to help inform major investment decisions and to enhance climate
change related policy in the region relating to long-term water management.
1.5 Study region
The study focuses over Eastern Africa region or an area between 22oE to 52oE and 12oS to
18oN. The region comprises countries Kenya, Uganda, Tanzania, Ethiopia, Burundi, Rwanda,
Sudan, South Sudan, Eritrea, Djibouti and Somalia. The region is characterized by complex
topographical features. These main topographical features that a↵ect the climate of the region
include the Rwenzori Mountains, East African highlands, Ethiopian highlands, the Great Rift
Valley Lakes (Turkana, Tanganyika and Victoria), Congo forest and the west Indian Ocean sector
(Figure 1.1). The Rwenzori Mountains, East African and Ethiopian Highlands played localized
role by generating upslope triggering convection, and these regions are generally characterized
with high amounts of rainfall. The presence of large inland lakes in the region and their associated
circulations also alter the local rainfall patterns. The section below discusses the climate of the
region, and large-scale climate forcing mechanisms responsible for the climate variability of the
region.
7
25 30 35 40 45 50
−1
0
−5
0
5
10
15
Longitude
La
titu
de
0
500
1000
1500
2000
2500Ethiopian
HighlandsTurkana Channel
East Africa
Highlands
Lake 
Victoria
Congo
Forest
Rwenzori 
Mountains
Figure 1.1: Map showing the study region (22oE to 52oE and 16oS to 18oN) and topographic
elevation (m). The text in rectangular boxes highlight the important physical features af-
fecting the climate of the region (Ethiopian Highlands, East Africa Highlands, Lake Victoria,
Turkana Channel, Congo Forest and Rwenzori Mountains).
1.6 Climate of Eastern Africa and general atmospheric fea-
tures a↵ecting the region’s climate
The East Africa region is one of the most complex climatic regions of the African continent.
The climate of the region is controlled by di↵erent factors including sub-tropical high pressure
areas over the Sahara, South Atlantic and Indian Oceans; the air flow equator-wards from these
cells producing the Trade or Monsoon winds; and the Inter-Tropical Convergence Zone (ITCZ).
Moreover, the local factors such the high mountains and large lakes have an important role
in the climate of the region. For example, the large-scale mountain barriers leads to wetter
conditions on the windward slopes of the mountains and drier conditions to the leeward side.
Additionally, these features modulate the regional climate by either amplifying or suppressing
the large-scale tropical controls. The large-scale tropical controls are superimposed upon regional
factors associated with lakes, orography, and the Indian Ocean influence, resulting in complex
climatic patterns which change rapidly over short distances (Nicholson, 1996). The ITCZ moves
north and south following the sun determine the climatological annual cycle of the regional
climate (rainfall). During the boreal summer (June to September) the ITCZ is situated in
northern hemisphere while in austral summer (December to February) the ITCZ moves far
South over the continental Southern Africa.
Figure 1.2 illustrates the general atmospheric circulation and rain belts over Africa during
summer and winter. Most of Eastern Africa is under the influence of monsoons, the south-east
monsoon during the northern summer and the north-east monsoon during the northern winter.
The north-east monsoon is dry air coming from the desert areas of Arabia without any long
sea track. Occasionally, during the north-east monsoon season relatively humid currents from
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Atlantic Ocean penetrate the region (Nicholson, 1996). The south-east monsoon is comparatively
moist but shallow near the coast. It approaches the coast of south Kenya and Tanzania as Trades
from the east-south-east, but splits into two streams when it extends over land. One branch
continues westwards across Tanzania as a weak current fanning out north and south over the
interior; while the other branch flows northwards parallel to the Somali coast. This separation is
caused by the plateau and highlands of Kenya and Ethiopia. One reason for the relative dryness
of both monsoons is that they flow more or less parallel to the shore (Nicholson, 1996). In such
a situation the frictional contrast between the shore and the water induces subsidence of the
air (Bryson and Kuhn, 1961). Another suggested factor for the relative dryness of the both
monsoons is that related to Coriolis force, easterly flow which moves equator-wards also tends
to sink. As a result, in most of Eastern Africa, rainfall is highest during the transition seasons,
when the strongly onshore flow is forced by orography and coastal friction to ascend.
Boucher (1975) has described the climate of Africa between the tropics as
dominated by three features: firstly, the large, sub-tropical high pressure areas over
the Sahara and south Atlantic ocean; secondly, the air flow equator-wards from
these cells, producing the “Trade” or “Monsoon” winds;1 and thirdly, the ITCZ, or
Inter-Tropical Convergence Zone, where these winds meet (Fig. 2.1). Superimposed
upon this pattern are irregularities due to elevation, moisture sources, and other
disturbances. The ITCZ moves from about 15!S to 15!N following the sun with a
time lag of about 30 days, and along the line where well-defined winds from the two
hemispheres converge they generally form a belt marked by rainfall due to ascending
air currents which thus migrates north and south. Some now call it the Intertropical
Discontinuity or ITD.
North of the southern Africa zone, areas south of the Sahara receive rainfall
associated with the ITCZ. In lower latitudes, especially near the equator, rainfall is
distributed throughout most of the year, but in the higher latitudes, towards the
southern margin of the Sahara it is confined to the summer months. The Sahel and
Soudan zones are semi-arid regions to the south of the Sahara with rainfall between
150 and 800 mm. A substantial area of the Sahel lies close to the zone of the
250 mm annual rainfall isohyet, a value generally indicating the limit of agricultural
productivity.
The majority of East Africa is under the influence of monsoons, the south-east
monsoon during the northern summer and the north-east monsoon in the southern
summer. The former is comparatively moist but shallow, at least near the coast.
It approaches the coast of south Kenya and Tanzania as Trades from the east-south-
east, but inland divides abruptly. One branch continues westwards across Tanzania
as a weak current fanning out north and south over the interior; while the other
Fig. 2.1 General atmospheric circulation and rain belts in January and July. Cross-hatched areas
indicate regions receiving >50 mm of rainfall in January and July (After Boucher 1975)
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Figure 1.2: General atmospheric circulation and rain belts over Africa in January and July.
Cross-hatched areas indicate regions receiving >50 mm of rainfall in January and July (from
Boucher (1975)).
Annual cycles
The climatological annual cycle of the regional rainfall is strongly linked to the north-south
movement of the inter-tropical convergence zone, where the trade winds converge. In general,
Eastern Africa has two major cli atological rainfall divisions, the bimodal area and the unimodal
area. The northern part of Eastern Africa covering much of Ethiopian highlands and South
Sudan is characterized by unimodal rainfall season spanning from June to September (JJAS).
The equatorial part covering southern Uganda, Kenya and much of Northern Tanzania including
area around Lake Victoria basin and most parts f Burundi nd Rwanda has two rainy seasons
(March - May and October - December) because of the double passage of the tropical rainbelt.
These seasons are commonly known as long rains and short rains, respectively. The southern
parts of Eastern Africa region have one rainfall maximum spanning from November to April
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(November-April). The influence of ITCZ in modulating Eastern African rainfall is documented
more detail in Ogallo et al. (1988) and Jury and Mpeta (2005).
Temporal variability
In the past, numerous studies have been done to understand the causes of seasonal rainfall
variability over Eastern Africa. Some consider regional factors such as the position of convergence
zones, whereas others consider large-scale factors such as sea surface temperature variability. At
interannual time scales, the short rains (OND) has been found to have stronger interannual
variability, stronger spatial coherence of rainfall anomalies across a large part of the region and
the anomalies are strongly related to large-scale circulation anomalies in the tropical Oceans
(Hastenrath et al., 1993; Mutai and Ward, 2000; Philippon et al., 2002). The long rains exhibits
much more inconsistent variations from place to place, and are weakly correlated to large-scale
climate anomalies (Nicholson, 1996; Camberlin and Philippon, 2002; Camberlin et al., 2009). In
recent decades the long rains season has been showing a decline in rainfall totals. Recently, some
studies have been done to understand the drivers of the recent downward trend. Lyon and DeWitt
(2012) linked the drying with a shift to SSTs in tropical Pacific basin (i.e warmer SSTs over the
western topical Pacific and cooler SSTs over the central and eastern tropical Pacific), whereas
Williams and Funk (2011) suggest the Indian Ocean warming due to anthropogenic emissions
greenhouse gases to be the dominant driver of the recent decline. Lyon (2014), Yang et al. (2014)
and Vigaud et al. (2016) supported Lyon and DeWitt (2012)'s argument for a recent decline and
recent droughts in MAM season, and emphasized the natural multi-decadal variability of SSTs
in the tropical Pacific basin (Lyon, 2014; Yang et al., 2014) and the west/central tropical Pacific
gradient (Vigaud et al., 2016). Hoell and Funk (2014) suggest the role of the Indowestern
Pacific warm pool for the reduction in rainfall during the long rains. As the OND and MAM
seasons, some studies have also attempted to identify the drivers JJAS rainfall variability in the
northeastern Africa. It has been indicated that the primary driver of interannual variability of
JJAS rainfall is the SST over tropical Oceans (e.g., Camberlin, 1997; Korecha and Barnston,
2007; Segele et al., 2009a; Diro et al., 2011).
Over all, a large percentage of the interannual rainfall variability of Eastern Africa is found
to be linked with the global Oceans, particularly SSTs over the Pacific and Indian Ocean.
Ropelewski and Halpert (1987), Ogallo et al. (1988) and Indeje et al. (2000) among others have
studied the link between the SST over the Pacific and the interannual rainfall variability over
Eastern Africa. Mutai et al. (1998), Nicholson and Kim (1997) and Clark et al. (2003) showed the
influence of IOD on the variability of short rains over the region. The relationship between ENSO
and summer (JJAS) rainfall variability has been investigated in studies by Gissila et al. (2004),
Korecha and Barnston (2007), Segele et al. (2009a) and Diro et al. (2011). A brief discussion
of the ENSO and IOD events and their influence in Eastern African rainfall is presented in the
following subsections.
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1.7 Coupled Ocean-atmosphere features and their relation
with Eastern Africa rainfall
Tropical Oceans play major roles in the natural variability of the world climate. Anomalous
coupled Ocean-atmosphere phenomena generated in the tropical Oceans produce global atmo-
spheric and Oceanic circulation changes that influence regional climate conditions even in remote
regions. ENSO and IOD are the two dominant modes of climate variability over the tropics con-
trolling Eastern Africa rainfall at inter-annual time scales (Saji et al., 1999; Indeje et al., 2000;
Ummenhofer et al., 2009).
Background to El Nin˜o/Southern Oscillation (ENSO)
ENSO is a coupled Ocean-atmosphere phenomenon in the tropical Pacific which a↵ects the
weather and climate patterns around the globe. It occurs at intervals of 2 to 7 years. It is
characterized by warming or cooling of surface waters in the tropical Eastern Pacific Ocean. The
warming phase is known as El Nin˜o and the cooling phase as La Nin˜a. The Southern Oscillation,
the index of the atmospheric component, is characterized by a see-saw in atmospheric pressure
between the western and Eastern regions of the Pacific Ocean.
Under normal conditions, the air pressure over the cold waters o↵ the coast of Peru/South
America is high relative to the western Pacific Ocean where, over warm water, air pressure is
very low. As a result, the trade winds over the Pacific Ocean move strongly from east to west.
The easterly flow of the trade winds carries warm surface waters westward, bringing convective
storms to Indonesia and Australia. During El Nin˜o, however, air pressure drops over large areas
of the central and along the coast of South America. The normal low pressure system is replaced
by a weak high in the western Pacific (the southern oscillation). This change in pressure pattern
causes easterly trade winds to collapse or even reverse. When the trade winds collapse, they
release waves of warm water that move west to east across the Pacific Ocean, to accumulate
warm Ocean water along the coastlines of Peru and Ecuador. This accumulation of warm water
causes the thermocline to drop in the Eastern part of Pacific Ocean which cuts o↵ the upwelling
of cold deep Ocean water along the coast of Peru. The wet weather conditions normally present
over the western Pacific moves to the east, and the arid conditions of the Peruvian coast appear
in the west. As this happens, the changes in atmospheric circulation are not confined to the
Tropics but extend globally and influence the jet streams and storm tracks in mid latitudes. La
Nin˜a, in general, is the intensification of normal conditions characterized by unusually cool Ocean
temperatures in the central and Eastern tropical Pacific. The trade winds become extremely
strong and an abnormal accumulation of cold water can occur in the central and Eastern Pacific.
ENSO is a coupled phenomenon that would not occur without interactions between the atmo-
sphere and Ocean. Bjerknes (1969) recognized that El Nin˜o is not just an Oceanic phenomenon
and found a close connection between El Nin˜o and the Southern Oscillation. He hypothesized
that warm waters of El Nin˜o and the pressure seasaw of Walkers Southern Oscillation are part
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and parcel of the same phenomenon. Changes in the Ocean induce changes in the atmosphere
and the latter feedback to the Ocean. In support of Bjerknes idea, Gill (1980) and Lindzen and
Nigam (1987) indicated that an initial positive SST anomaly in the equatorial eastern Pacific
reduces the east-west SST gradient and hence the strength of the Walker circulation, resulting
in weaker trade winds around the equator. The weaker trade winds in turn drive the Ocean
circulation changes that further reinforce the SST anomaly. This positive Ocean-atmosphere
feedback leads the equatorial Pacific to a warm state known as El Nin˜o.
Current theories on ENSO mechanisms generally grouped into two di↵erent frameworks,
(1) a self-sustained, unstable, and naturally oscillatory mode of the coupled Ocean-atmosphere
system with its timescale determined by the recharge and discharge of the equatorial upper-
Ocean heat content (Zebiak and Cane, 1987; Jin, 1997; Meinen and McPhaden, 2000) (2) a
stable (or damped) mode with each event triggered by with stochastic forcing or atmospheric
noise, especially the westerly wind bursts in the tropical western Pacific (Moore and Kleeman,
1999; Lengaigne et al., 2004; Kessler, 2002). In both views, ENSO involves the positive Ocean-
atmosphere feedback over the eastern tropical Pacific hypothesized by Bjerknes (1969).
Di↵erent methods are used to measure and monitor ENSO (i.e. to indicate whether it is an
El Nin˜o or La Nina˜ year or neither). The Southern Oscillation Index (SOI) is one of the earliest
indicators of the the state of ENSO, and is obtained by calculating the di↵erence in atmospheric
surface pressure anomalies between Tahiti and Darwin. During El Nin˜o, the pressure becomes
below average in Tahiti and above average in Darwin, and the Southern Oscillation Index is
negative. During La Nin˜a, the pressure behaves oppositely, and the index becomes positive. The
most widely used measure of the magnitude and state of ENSO is the sea surface temperature
averaged over a specific region of the Pacific Ocean, such as the Nino˜3 (150o W to 90oW and 5oS
to 5oN) and Nin˜o3.4 region (170oW to 120oW and 5oS to 5oN). Outgoing longwave radiation
(which indicates the extent of convection - thunderstorm activity) and wind indexes are also the
other indicators for monitoring ENSO.
ENSO is known to be the largest source of inter-annual climatic variability in tropical regions
and also outside the tropics (Ropelewski and Halpert, 1987; Yasunari, 1987; Van Oldenborgh
et al., 2005). Both El Nin˜o and La Nin˜a events disrupt the normal patterns of tropical precipita-
tion and atmospheric circulation, and have widespread impacts on climate in many parts of the
world accompanied by the associated climate-related risks. Numerous studies have been done
for investigating the e↵ects of ENSO on climate (temperature, rainfall, climate extremes etc.)
throughout the world. Once developed, El Nin˜os are known to shift temperature and precipita-
tion patterns in many di↵erent regions of the world. These shifts, although varying somewhat
from one El Nin˜o to the next, are fairly consistent in the some regions. The wide-ranging influ-
ence of ENSO has attracted the attention of the global change community, particularly due to
the well-documented economic and cultural impacts (e.g., Adams et al., 1999), both today and
throughout historical times, recorded locally and globally. Figure 1.3 show the global influence
of ENSO in changing the precipitation and temperature patterns.
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Figure 1.3: Schematic diagram showing global influence of El Nin˜o and La Nin˜a in changing
the precipitation and temperature patterns. (Source: https://www2.ucar.edu/atmosnews).
The influence of ENSO on Eastern Africa rainfall
The ENSO phenomenon is known to have significant impacts over Eastern Africa, even though
its influence shows distinct regional and inter-event variations. Several works have been carried
out in an attempt to understand the link between ENSO and seasonal rainfall variability over
Eastern Africa. Some of these studies concentrate on equatorial part of Eastern Africa in which
rainfall has bi-modal peaks (MAM and OND). Others concentrate on northern part of Eastern
Africa, where JJAS is the main rainfall season. As has been discussed above, the short rains
(OND) have been found to have stronger interannual variability and strongly linked to large-
scale circulation anomalies in the tropical Oceans, whereas the response of the long rains to
SSTs is weaker. Studies by Ropelewski and Halpert (1987), Flohn (1987), Ogallo et al. (1988),
Hastenrath et al. (1993), Indeje et al. (2000) and others have demonstrated a relationship between
Eastern African short rainfall and the El Nin˜o-Southern Oscillation (ENSO) phenomenon. These
studies showed that warm events of ENSO (El Nin˜os) are associated with above average rainfall
and cold events of ENSO (La Nin˜as) are associated with below average rainfall during the short
rains. The influence of ENSO over the northern part of the region during JJAS is opposite in
sign. Observational and modeling studies by Folland et al. (1986), Diro et al. (2011), Gissila
et al. (2004) and Segele et al. (2009a) have all showed that Ethiopian summer (JJAS) rainfall
is dominantly controlled by the ENSO phenomenon. All these studies have indicated that
Ethiopian summer rainfall is negatively associated with Eastern Pacific SST. This means that
excess rainfall tends to occur when there is a La Nin˜a, and deficit rainfall when there is an El
Nin˜o. Even though the influence of ENSO on Eastern African rainfall is clear, the potential
physical mechanisms that could be responsible for the rainfall anomalies during warm and cold
ENSO events are not yet well understood.
Background to Indian Ocean Dipole (IOD)
Like the Pacific Ocean, the Indian Ocean also shows the interannual climate variability. The
coupled Oceanatmosphere phenomenon that occurs inter-annually in the tropical parts of the
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Indian Ocean is called the Indian Ocean dipole (IOD). IOD was identified recently (in 1999) by
scientists working in the Climate Variations Program of Frontier Research System for Global
Change of the Japan Marine Science and Technology Centre (JAMSTEC). It is characterized
by anomalous cooling of SST in the south Eastern equatorial Indian Ocean and anomalous
warming of SST in the western equatorial Indian Ocean (Saji et al., 1999). A positive IOD
period is characterized by cooler than normal water in the tropical Eastern Indian Ocean and
warmer than normal water in the tropical western Indian Ocean. In the positive phase, the
wind blows from east to west, and the warm water is moved to Africa. Associated with these
changes the normal convection situated over the Eastern Indian Ocean warm pool shifts to the
west and brings heavy rainfall over the east Africa and severe droughts over the Indonesian and
southern Australia region. Conversely, a negative IOD period is characterized by warmer than
normal water in the tropical Eastern Indian Ocean and cooler than normal water in the tropical
western Indian Ocean. In the negative phase its winds move from west to east piling up the
warm water along the coast and the moisture laden associated winds carry belts of cloud over
southern Australia. Hence, a negative IOD SST pattern has been shown to be associated with
an increase in rainfall over parts of southern Australia.
Di↵erent studies suggested that IOD is a coupled phenomenon and it is found independent of
ENSO. Saji et al. (1999) indicated that the IOD is a coupled Ocean atmosphere phenomenon, it
is independent of ENSO and about 12% of the SST variability in the Indian Ocean was associated
with the dipole mode. They recognized anomalous conditions such as in 1961, 1994 and 1997 in
the tropical Indian Ocean as a dipole mode characterized by low SST o↵ Sumatra and high SST
in the western equatorial Indian Ocean accompanied by wind and rainfall anomalies. Webster
et al. (1999) suggested that a coupled Ocean atmosphere process in which Oceanic Rossby
waves cause a deepening of the thermocline is a necessary feature that led to the sequence of
events culminating in anomalies that contrast the in east-west direction. The propagation of
baroclinic Kelvin and Rossby waves excited by anomalous winds, play an important role in the
development of SST anomalies associated with the IOD (Vinayachandran et al., 2009). Recent
study by Wang et al. (2016) demonstrated that cold (warm) sea surface temperature (SST)
anomalies in the eastern Indian Ocean associated with IOD can be initiated by springtime
Indonesian rainfall deficit (surplus) through local surface wind response. Overall, the Ocean-
atmosphere coupling during an IOD involves di↵erent atmospheric and Oceanic processes such
as atmospheric convection, winds, SST and upper Ocean dynamics.
The IOD is commonly measured by an index that is the di↵erence between sea surface
temperature (SST) in the western (50oE to 70oE and 10oS to 10oN) and Eastern (90oE to 110oE
and 10oS to 0oS) equatorial Indian Ocean. The index is called the Dipole Mode Index (DMI).
The influence Indian Ocean Dipole (IOD) on Eastern Africa rainfall
Like ENSO, the IOD has been found to a↵ect rainfall in many countries over the Indian Ocean
region and beyond. The influence of the Indian Ocean to the variability of Eastern African
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climate has received much attention in recent years. It is not only the warm water push more
moisture onto the region, it also alter the position of the jet streams and other wind patterns.
Several studies including Latif et al. (1999), Behera et al. (2003), Clark et al. (2003), Saji and
Yamagata (2003), Black et al. (2003), Behera et al. (2005), Yamagata et al. (2004), and Marchant
et al. (2007) have investigated the relationship between Eastern Africa rainfall and the SST over
the Indian Ocean. Almost of all these studies focused on the influence IOD during short rainfall
season (OND) as this is the season that experiences a larger degree of interannual variability
relative to climatology, and found that there is a strong relationship between IOD and OND
rainfall. The positive phase of IOD is associated with above normal rainfall, and the negative
phase of IOD is associated with below normal rainfall. The December-January 1997/1998 rainfall
anomalies that led to severe flooding in much of east Africa has been strongly linked to changes
in the Indian Oceans SST (Latif et al., 1999).
Relationship between IOD and ENSO
It has been known that the Indian Ocean is characterized by several interacting processes, and one
of the fundamental features is that its relationship with ENSO. Since the discovery of the IOD,
there has been a strong debate concerning the relationship between the IOD and ENSO. Some
authors (e.g., Black et al., 2003) argued that the IOD should not be viewed as being independent
of ENSO, whereas others (e.g., Saji et al., 1999; Saji and Yamagata, 2003; Yamagata et al., 2004;
Behera et al., 2005) recognize IOD independent of ENSO, as an inherent Ocean atmosphere
coupled mode. It has been found that some of the IOD events occur in conjunction with ENSO
but others develop as a consequence of intrinsic variations of the tropical Indian Ocean (e.g.,
Meyers et al., 2007). Pfei↵er and Dullo (2006), following the high resolution analysis of coral
index, indicate that the El Nin˜o index is strongly correlated with Indian Ocean SSTs over the past
150 years; supporting the notion that the ENSO strongly influences the Indian Ocean. On the
other hand, Behera et al. (2006) using state of the art coupled GCM experiments, demonstrated
that the IOD could evolve independently of ENSO. Annamalai et al. (2005) showed that ENSO
variability is found to a↵ect the strength, periodicity and formation processes of the IOD in the
years of co-occurrence. However, Luo et al. (2008) indicated that the IOD could also influence
the development of ENSO so the relation between ENSO and IOD is not fully understood, and
one reason for this is the complexity of the system and the interplay between atmospheric and
Oceanic circulation.
1.8 CORDEX-Africa domain and simulations
Figure 1.4 shows the CORDEX-Africa domain with the topography (m). The domain covers
approximately the region from about 24.64oW to 60.28oE longitude and 45.76oS to 42.24oN
latitude. This domain is common to all groups participating to the CORDEX-Africa initiative.
Both the present day and future simulations are performed at 0.44-degree (50-km) resolution
15
over the same CORDEX Africa domain (Figure 1.4). For the evaluation period (1989 2008),
the RCMs used boundary conditions from the ERA-Interim reanalysis (Dee et al., 2011). The
simulations of the historical and future climate change downscale the results of CGCMs from the
CMIP5 climate projections. The CMIP5 CGCM historical simulations are forced by observed
natural and anthropogenic atmospheric composition, and cover the period from 1950 until 2005.
The CMIP5 simulations of the future span the period from 2006 to 2100 and are forced by
Representative Concentration Pathways, which are based on radiative forcings (globally radiative
energy imbalance) by the year 2100 (Moss et al., 2010).
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Figure 1.4: The cordex-Africa domain with the topography (m).
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1.9 Thesis outline
This thesis builds on the work presented in three papers which together address the proposed
research questions. The first paper evaluates the performance of 10 RCMs driven by reanalysis
data in simulating the characteristics of rainfall patterns over Eastern Africa. In this work, results
showed that most RCMs reasonably simulate the main features of the rainfall climatology over
the region, and in most of the areas and time periods, the multimodel ensemble mean outperforms
the results of individual models, even the forcing ERA-Interim. This work has been published
in Journal of Climate as Endris et al. 2013. The second paper examines the performance of
two RCMs, with lateral and surface boundary conditions derived from CGCMs, in simulating
the teleconnection between tropical SSTs and rainfall over Eastern Africa. The study showed
that RCMs are capable of reproducing the observed teleconnective SST-rainfall patterns. It also
demonstrated that most errors in simulating the regional teleconnection patterns arise mainly
from the driving GCMs. This work has been published in Climate Dynamics as Endris et
al. 2015. The third paper assesses the future projections to investigate whether or not the
current teleconnection patterns persists under a warming scenario. The results indicate that
the teleconnections between ENSO/IOD and rainfall are stronger over Eastern horn of Africa
compared to the present and the ENSO/IOD signal is weaker over the southern part of the region.
This work has been submitted to Climate Dynamics and it is under review now. Between each
paper is a synopsis and text to provide the cohesive storyline of the work. Finally a summary
of the findings and conclusions are presented.
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2
Evaluation of reanalysis-driven simulations
This paper evaluates the ability of RCMs to simulate the important climate features over Eastern
Africa when driven by reanalysis data, so-called “perfect boundary conditions’. This is an
important first step to know the fidelity of RCMs in reproducing current climate of the region
before analyzing climate change projections. The ability of the models to simulate the present
climate is a necessary condition to use models to project climate changes. Model projections
cannot be credible if models are not able to reproduce the current climate adequately. An
assessment of the performance of 10 RCM simulations forced by the same lateral boundary
conditions from the ERA-Interim reanalyses for the period 1990 - 2008 is presented in this
analysis. The ability of models to reproduce the seasonal climatology rainfall, the annual cycle
of rainfall, the inter-annual variability of rainfall as well as the representation of the large-scale
climate forcing signals over Eastern Africa is compared with di↵erent gridded observational
datasets as well as the driving ERA-Interim reanalysis. The results from this paper provide
the basis from which to assess the impact of forcing on the regional climate simulations with
“imperfect” boundary conditions from coupled global climate models (CGCMs) over Eastern
Africa, which is the focus of Chapter 3.
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ABSTRACT
This study evaluates the ability of 10 regional climate models (RCMs) from the Coordinated Regional
Climate Downscaling Experiment (CORDEX) in simulating the characteristics of rainfall patterns over
eastern Africa. The seasonal climatology, annual rainfall cycles, and interannual variability of RCM
output have been assessed over three homogeneous subregions against a number of observational
datasets. The ability of the RCMs in simulating large-scale global climate forcing signals is further
assessed by compositing the El Ni~no–Southern Oscillation (ENSO) and Indian Ocean dipole (IOD)
events. It is found that most RCMs reasonably simulate the main features of the rainfall climatology over
the three subregions and also reproduce the majority of the documented regional responses to ENSO and
IOD forcings. At the same time the analysis shows significant biases in individual models depending on
subregion and season; however, the ensemble mean has better agreement with observation than in-
dividual models. In general, the analysis herein demonstrates that the multimodel ensemble mean sim-
ulates eastern Africa rainfall adequately and can therefore be used for the assessment of future climate
projections for the region.
1. Introduction
The rainfall pattern over eastern Africa is highly vari-
able both in space and time. The region is already wit-
nessing dire consequences of erratic climatic conditions
that are likely to be associated with regional climate
change (FEWS NET 2011; Anyah and Qiu 2012). The
region experiences serious food insecurity and resource-
based conflicts in addition to recurring droughts and
floods that have dramatic socioeconomic impacts (UNEP
2011; World Bank 2012). The 2007 Intergovernmental
Panel on Climate Change (IPCC) report provided clear
evidence of climate change in the region with increased
risks of climate extremes. The economies and liveli-
hoods of people in the majority of countries in the re-
gion still rely on rain-dependent systems and so are
vulnerable to current rainfall variability and potential
changes in rainfall due to climate change. Recent eco-
nomic assessments (World Bank 2012) show that no
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sustainable development can be attained in the region
without effective regional systems for climate risk re-
duction including climate change adaptation.
Global climate models (GCMs) are suitable tools for
the assessment of climate variability and change. Cur-
rent GCMs have spatial resolution on the order of 100–
250 km and have the potential to simulate the main
characteristics of general circulation at the range of this
scale (Shongwe et al. 2009). Although GCMs can satis-
factorily simulate the atmospheric general circulation at
the continental scale, they are not necessarily capable of
capturing the detailed processes associated with regional–
local climate variability and changes that are required for
regional and national climate change assessments (Giorgi
and Mearns 1999; Denis et al. 2002; Wang et al. 2004;
Giorgi et al. 2009; Rummukainen 2010). This is partic-
ularly true for heterogeneous regions such as eastern
Africa, where sub-GCM gridscale variations in topog-
raphy, vegetation, soils, and coastlines have a significant
effect on the climate. In addition, at coarse grid resolu-
tions, the magnitude and intensity of subgrid-scale ex-
treme events such as heavy rainfall (leading to floods)
are often not captured, nor realistically reproduced. Gen-
erally, GCM data have been used to describe the climate
processes of many African regions and to produce the
climate information for applications in different socio-
economic sectors including agriculture, water, and health
(Alley et al. 2007). However, in order to formulate ad-
aptation policies in response to climate change impacts,
reliable climate change information is usually required
at finer spatial scales than that of a typical GCM.
Regional climate models (RCMs) dynamically down-
scaleGCMoutput to scalesmore suited to end users (Sun
et al. 2006) and are useful for understanding local climate
TABLE 1. List of RCMs used and their details (Source: Nikulin et al. 2012).
CNRM Action de
Recherche Petite
"Echelle Grande
"Echelle (ARPEGE) 5.1 DMI HIRHAM5
ICTP regional climate
model version 3
(RegCM3)
CLMcom
COSMO-CLM
(CCLM) version 4.8
Institute Centre National de
Recherches
M"et"eorologiques
(CNRM), France
Danmarks
Meteorologiske
Institut (DMI),
Danmark
Abdus Salam
International
Centre for Theoretical
Physics (ICTP), Italy
Climate Limited-Area
Modelling (CLM)
Community (www.
clm-community.eu)
Short name ARPEGE HIRHAM RegCM3 CCLM
Projection resolution Polar, stretching
factor 2 (tl179)
Rotated pole 0.448 Mercator 50 km Rotated pole 0.448
Vertical
coordinate/levels
Hybrid/31 Hybrid/31 Sigma/18 Terrain following/35
Advection Semi-Lagrangian Semi-Lagrangian Eulerian Fifth-order upwind;
Baldauf (2008)
Time step (s) 1200 600 100 240
Convective scheme Bougeault (1985) Tiedtke (1989) Grell (1993); Fritsch
and Chappell (1980)
Tiedtke (1989)
Radiation scheme Morcrette (1990) Fouquart and Bonnel
(1980); Mlawer et al.
(1997)
Kiehl et al. (1996) Ritter and Geleyn
(1992)
Turbulence vertical
diffusion
Mellor and Yamada
(1982)
Louis (1979) Holtslag et al. (1990) Herzog et al. (2002);
Buzzi et al. (2011)
Cloud microphysics
scheme
Ricard and Royer
(1993)
Tiedtke (1989);
Tompkins (2002)
Subgrid explicit
moisture scheme
(SUBEX); Pal
et al. (2000)
Doms et al. (2007);
Baldauf and Schulz
(2004)
Land surface scheme ISBA; Douville et al.
(2000)
Schulz et al. (1998);
Hagemann (2002)
BATS1E; Dickinson
et al. (1993)
TERRA-ML; Doms
et al. (2007)
Latest reference
and comments
D"equ"e (2010) Christensen et al.
(2006)
Pal et al. (2007) Rockel et al. (2008);
Baldauf et al. (2011)
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in regions that have complex topography such as eastern
Africa. Globally, there has been a marked increase in the
number of RCM simulations (Alley et al. 2007); however,
very few RCM studies have been performed over the
East African region (Sun et al. 1999a; Indeje et al. 2000;
Anyah, 2005; Anyah et al. 2006; Anyah and Semazzi
2006; Anyah and Semazzi, 2007; Segele et al. 2009a; Diro
et al. 2012), and these studies are largely based on the
results from a single RCM. However, each model has its
strengths and weaknesses. Thus, the application of a set
of RCMs is needed, but this has not been done before
because of the lack of a large ensemble of RCM output.
Currently, the Coordinated Regional Climate Down-
scaling Experiment (CORDEX) program, initiated by
the World Climate Research Program, provides an op-
portunity for generating high-resolution regional cli-
mate projections, which can be used for assessment of
the future impacts of climate change at regional scales
(Giorgi et al. 2009). However, the ability of the RCMs
has to be assessed before they are used for generating
downscaled projections of the future climate.
This study aims to assess the performance of the
CORDEX RCMs (Table 1) in simulating the current
rainfall characteristics over the East African region de-
fined as the area lying within 168S–188N, 228–528E (Fig. 1).
We also investigate the ability of the RCMs to capture
the influence of the large-scale climate circulation pat-
terns (teleconnections) on regional rainfall. The research
focuses on the selected East African CORDEX sub-
regions (Fig. 1) that have been classified on the basis of
their rainfall distribution as delineated by Favre et al.
(2011). The seasons chosen for study are June–September
(JJAS) for the northern sector and October–December
(OND) for the equatorial and southern sectors. Previous
TABLE 1. (Extended)
KNMI Regional
Atmospheric Climate
Model, version 2.2
(RACMO2.2b)
MPI regional
model (REMO)
SMHI Rossby
Center Regional
Atmospheric
Model (RCA35)
UCT Providing
Regional
Climates for
Impacts Studies
(PRECIS)
UC Weather
Research and
Forecasting Model
version 3.1.1.
(WRF3.1.1)
UQAM
fifth-generation
Canadian Regional
Climate Model
(CRCM5)
Koninklijk
Nederlands
Meteorologisch
Instituut (KNMI),
Netherlands
Max Planck
Institute (MPI),
Germany
Sveriges
Meteorologiska
och Hydrologiska
Institut (SMHI),
Sweden
University of Cape
Town (UCT),
South Africa
Universidad de
Cantabria, Spain
Universit"e du
Qu"ebec #a
Montr"eal
(UQAM),
Canada
RACMO REMO RCA PRECIS WRF CRCM
Rotated pole 0.448 Rotated pole 0.448 Rotated pole 0.448 Rotated pole 0.448 Mercator 50 km Rotated pole
0.448
Hybrid/40 Hybrid/27 Hybrid/40 Hybrid/19 Terrain following
ETA/28
Hybrid/56
Semi-Lagrangian Semi-Lagrangian Semi-Lagrangian Eulerian Eulerian Semi-Lagrangian
720 240 1200 300 240 1200
Tiedtke (1989) Tiedtke (1989) Kain and Fritsch
(1990, 1993)
Gregory and
Rowntree
(1990); Gregory
and Allen (1991)
Kain (2004) Kain and Fritsch
(1990); Kuo (1965)
Fouquart and
Bonnel (1980)
Morcrette et al.
(1986); Giorgetta
and Wild (1995)
Savij€arvi (1990);
Sass et al. (1994)
Edwards and
Slingo (1996)
Dudhia (1989);
Mlawer et al. (1997)
Li and Barker
(2005)
Eddy-diffusivity
(first-order K)
mass flux approach
Louis (1979) Cuxart et al. (2000) Wilson (1992) Hong et al. (2006) Benoit et al. (1989);
Delage (1997)
Tiedtke (1993) Lohmann and
Roeckner (1996)
Rasch and
Kristj"ansson
(1998)
Smith (1990) WRF single-moment
5-class microphysics
scheme (WSM5);
Hong et al. (2004)
Sundqvist et al.
(1989)
TESSEL; ECMWF
(2006)
Hagemann (2002)
Rechid et al.
(2009)
Samuelsson et al.
(2006)
MOSES2; Essery
et al. (2003)
Smirnova et al. (2000) CLASS 3.5;
Verseghy (2000)
van Meijgaard et al.
(2008); based on
ECMWF cycle
31r1; ECMWF
(2006)
Jacob (2001) Jacob
et al. (2007)
Samuelsson et al.
(2011)
Jones et al. (2004) Skamarock et al.
(2008)
Zadra et al. (2008)
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studies (Indeje et al. 2000; Mutemi 2003; Nyakwada
2009) show that the long rainfall season over the equa-
torial sector that occurs in March–May (MAM) is dom-
inated by local factors rather than large-scale factors in
the modulation of rainfall patterns. Relative to the long
rains, the short rains tend to have stronger interannual
variability, stronger spatial coherence of rainfall anom-
alies across a large part of the region, and a substantial
association with ENSO and the Indian Ocean dipole
(IOD) (e.g., Ropelewski and Halpert 1987, 1989; Ogallo
1988; Hastenrath et al. 1993; Nicholson and Kim 1997;
Saji et al. 1999; Indeje et al. 2000;Mutemi 2003; Nyakwada
2009). Also, OND is the common rainfall season for both
equatorial and southern parts of the eastern Africa. Con-
sequently, our study focuses on JJAS for the northern
sector and OND for the equatorial and southern sectors
only.
The study is organized as follows: in section 2, we
present a brief description of the study area, datasets,
and methodology used. In section 3, we present the re-
sults and discussion beginning with the climatology,
mean annual cycle, interannual variability, and the re-
sponse of ENSOand IOD to regional rainfall anomalies.
Finally in section 4, we summarize the key results and
present our conclusions.
2. Data and methodology
a. Study region
Our study focuses on the CORDEX eastern African
region, which refers to the countries of theGreaterHorn
of Africa (GHA), namely, Burundi, Djibouti, Eritrea,
Ethiopia, Kenya, Rwanda, Somalia, Sudan, South Sudan,
Tanzania, and Uganda (Fig. 1). The region has a com-
plex topography and is characterized by different rain-
fall regimes. Local factors such as complex terrain and
land surface heterogeneity and their consequent inter-
actions with large-scale climate forcing mechanisms
contribute to the diverse spatial rainfall patterns over
the region. The climatological annual rainfall cycle in
much of eastern Africa is strongly linked to the north–
south movement of the intertropical convergence zone
(ITCZ). The assessment is performed over three sub-
regions of the domain (Fig. 1), which are hereafter re-
ferred to as NEA (northern East Africa; 7.258–15.258N,
33.758–40.258E), EEA (easternEastAfrica; 2.258–11.758N,
44.258–51.758E), and SEA (southern East Africa; 2.258–
15.258S, 28.758–35.258E). These subregions have been
chosen based on previous studies that classified CORDEX-
Africa into 15 homogeneous subregions based on observed
Global Precipitation Climatology Centre (GPCC) rainfall
data (Favre et al. 2011), and also they are representative
of different rainfall patterns over East Africa associated
with different mechanisms.
NEA (region 4) covers the Ethiopian highlands,
which exhibit a unimodal rainfall pattern between June
and September. EEA (region 5) covers the eastern equa-
torial parts of East Africa and is characterized by a bi-
modal rainfall distribution with themajor rainfall season
in March–May and a shorter rainfall season in October–
December. SEA (region 9) covers the southern part of
eastern Africa and is mainly characterized by unimodal
rainfall distribution spanning from November to April.
b. Data
1) RCM DATA
In this study, we used simulated monthly rainfall data
from 10 CORDEX RCMs. The RCMs were forced by
lateral and surface boundary conditions from the Eu-
ropean Centre for Medium-Range Weather Forecasts
(ECMWF) Interim Re-Analysis (ERA-Interim), and
downscaled data are available for the period 1989–2008.
All simulations were performed at ;50 km (0.448) res-
olution over the CORDEX-Africa domain. Table 1
presents a full list of the RCMs used (with full expan-
sions) and the details of their dynamics and their phys-
ical parameterizations. More information on model
output can be obtained from Nikulin et al. (2012). This
paper uses the short names for the CORDEX RCMs.
FIG. 1.Map of the study area (greaterHorn ofAfrica), with three
subregions represented by boxes 4 (NEA), 5 (EEA), and 9 (SEA)
that are utilized for analysis (Favre et al. 2011).
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2) OBSERVED DATA
Generally, Africa lacks high-quality observation data-
sets at suitable temporal and spatial resolution necessary
for evaluating RCM simulations. Sylla et al. (2012) pre-
sented an intercomparison of different observed daily
precipitation datasets and a validation exercise of a re-
gional climate model simulation (with the RegCM3
model). They found that substantial discrepancies exist
among the different observational datasets, and thismakes
it difficult to assess the model performance. Similarly,
Nikulin et al. (2012) show large differences between
satellite and gauge-based products.
For this study, model results are compared against
three observational datasets. Two gauge-based gridded
observational datasets are used that are available at
0.58 spatial and monthly temporal resolution: the Global
Precipitation Climatology Centre (version 5, 1901–2006;
Rudolf et al. 2010) and Climatic Research Unit (CRU)
(version 3.0, 1901–2006; Mitchell and Jones 2005). Fur-
thermore, satellite-gauge combineddataset from theGlobal
Precipitation Climatology Project (GPCP; version 2.2;
http://www.esrl.noaa.gov/psd/data/gridded/data.gpcp.html)
is used even though the resolution is coarse (2.58).
GPCC data are chosen as a reference field to evaluate
the performance of CORDEX RCMs in the context of
rainfall over the region. The choice of GPCC data is
based on its sufficiently long time series that cover the
period (1989–2008) of simulated data. Other advantages
are that the GPCC dataset has same resolution as the
RCMs’ simulated data, and as stated earlier the regions
used in the analysis were classified based onGPCC data.
ERA-Interim reanalysis data were not used as a com-
parison field since CORDEX RCMs are forced by
ERA-Interim reanalysis and therefore there may be
autocorrelation between the ERA-Interim precipitation
field and the simulated precipitation fields. However,
because of the lack of high-resolution wind data over the
continent to compare the circulation pattern, ERA-
Interim wind field data are used as comparison fields.
3) DATA LIMITATIONS
The data used in this analysis were produced by many
different downscaling groups (see Table 1). These data
were generally received in the native model format,
projection, and grid and thus had to be postprocessed
into a common data format with the same horizontal and
vertical dimensions. This enormous task was performed
at the Sveriges Meteorologiska och Hydrologiska In-
stitut (SMHI), Sweden, and the institute also served as
the repository for the postprocessed data. An initial set
of diagnostic variables were processed by the SMHI
at the start of the CORDEX-Africa analysis initiative,
which started in 2011; however, as the analysis pro-
gressed additional prognostic variables were desired to
understand the downscaled results (e.g., winds at par-
ticular levels to examine the presence of jets). Un-
fortunately these variables (except 850-hPa level wind)
could not bemade available at a later stage by all centers
(for reasons such as space and deletion) so subsequently
some variables were not available for inclusion in the
analysis. It was therefore not possible to assess the dy-
namical drivers at different level of observed biases in
the RCMs despite the desire to do so.
c. Methodology
We adopted two general criteria to assess the ability
of CORDEX RCMs to simulate East African rainfall.
The first criterion assesses the ability of the RCMs to
reproduce the rainfall climatology. The second criterion
assesses the ability of theRCMs to capture the interannual
rainfall variability and teleconnection signals. Brief de-
scriptions of each assessment are given below.
In the first assessment of rainfall climatology, a num-
ber of tests are performed. Comparison of observed and
simulated seasonal mean rainfall climatology over the
entire East African region is done to examine the ability
of RCMs to capture the spatial distribution of rainfall. A
paired difference Student’s t test for hypothesis of zero
difference between the mean of simulated and observed
seasonal rainfall at 5% level of significance is applied for
each subregion to detect significant differences in the
two means. To assess the consistency of the models in
representing the spatial distribution of rainfall with time,
spatial correlation between observed and simulated rainfall
is computed for each year. The annual cycle of rainfall, area
averaged for each region, is computed for both observed
and simulated data to determine how well the RCMs
capture rainfall seasonality in the respective regions.
TABLE 2. Classification of ENSO and IOD zonal node (IODZM) events from 1989 to 2008 during the two seasons of study (source: http://
www.marine.csiro.au/;mcintosh/Research_ENSO_IOD_years.htm).
Pure negative
IODZM Pure La Ni~na
Pure positive
IODZM Pure El Ni~no
Co-occurrence of El Ni~no
and positive IODZM
Co-occurrence of La Ni~na
and negative IODZM
1989 1998 1994 1991
1992 1999 2004 1997
2007
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A Taylor diagram (Taylor 2001) is used to evaluate
the spatiotemporal pattern errors (i.e., ‘‘centered’’ er-
rors) in themodel results. The diagram characterizes the
statistical relationship between two fields, a ‘‘test’’ field
(often representing a field simulated by a model) and
a ‘‘reference’’ field (usually representing ‘‘truth,’’ based
on observations). In the diagram, the distance from the
origin is equal to the standard deviation, while the dis-
tance from the reference point (GPCC in this case) is the
equal root-mean-square (RMS) difference between the
reference and test fields, and the cosine of the polar angle
is equal to the correlation. A ‘‘perfect’’ model under this
definition would have no error as computed by the root-
mean-square. It would perfectly correlate with the ob-
served data, andwould have the same standard deviation.
Thus, ‘‘skill’’ measures correspondence among patterns,
trends, and variability in the model and observations.
Note that the means of the fields are subtracted out
before computing their second-order statistics, so
the diagram does not provide information about overall
biases, but solely characterizes the centered pattern error.
These statistics are related by the following equation:
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whereR is the correlation coefficient between themodel
( f)and observed (r) given by Eq. (2);
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where N is the number of data points in the model and
observed fields, whereas s2f and s
2
r are the variances of
the model and reference fields given respectively by
Eqs. (4a) and (4b).
FIG. 2. (a) Climatology of rainfall in eastern Africa during JJAS as simulated by (top two and a half rows) the 10 CORDEX RCMs,
(third row, last two panels) ensemble and ERA-Interim, and (bottom) observation (GPCC, GPCP, and CRU). All in mmday21. (b) As in
(a), but for OND.
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The centered RMS difference between the fields E0 is
given by Eq. (3):
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The second assessment of the ability of the RCMs is
to capture the interannual rainfall variability and telecon-
nection signals. To assess the ability of the models in sim-
ulating the year-to-year variability of rainfall, time series of
spatially averaged seasonal rainfall anomaly for JJAS over
NEA and OND over EEA and SEA are analyzed.
Composite analysis is used to assess the RCMs’ ability
to reproduce rainfall anomalies associated with large-
scale features such as ENSO and IOD. We use the
Ummenhofer et al. (2009) classification and develop
composites of strong ENSO, IOD, and co-occurring
events. These events are classified on the basis of their
sea surface temperature (SST) indices. The condition for
defining an El Ni~no or La Ni~na year is when the SST
anomaly over Ni~no-3 region (58S–58N, 908–1508W) is
more than 18C or less than 218C for two or more consec-
utive months between and including June and February
of the following year, respectively. A year is counted as
being positive or negative IOD when the SST anomaly
over the western Indian Ocean region (108S–108N, 508–
708E) is larger than 18C or less than 218C for two or
more consecutive months between and including June
and December, respectively. Details of the method for
classifying years can be found inMeyers et al. (2007) and
Ummenhofer et al. (2009). Using Table 2, we composite
FIG. 2. (Continued)
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years of positive–negative IOD, El Ni~no–La Ni~na, and
co-occurrence events. ENSO and IOD events are ana-
lyzed separately to assess the role of each event in
modulating rainfall variability over the region. The com-
posites of El Ni~no, La Ni~na, positive IOD, negative IOD,
and co-occurrence events are formed for the JJAS and
OND seasons within the study period for observations
and RCMs. The method is based on the difference be-
tween average of the seasonal rainfall of the event years
and the climatology for the same season.
3. Results and discussion
a. Seasonal averages
1) RAINFALL CLIMATOLOGY
Figures 2a and 2b show the mean seasonal rainfall for
JJAS and OND (averaged for 1990–2006) from the 10
CORDEX RCMs, the ERA-Interim reanalysis, and the
ensemble mean of the RCMs in comparison with the
observed datasets. All RCMs show rainfall band over
land concentrated in the northern sector of the region,
which is associatedwith the northwardmovement of ITCZ
(Fig. 2a). Spatially, all the models capture the rainfall
maximumover northernEastAfrica; however,most of the
RCMs and ERA-Interim oversimulate rainfall over the
Ethiopian highlands, while the ensemble mean has rel-
atively good agreement with our reference dataset GPCC.
During this period, most regions below the equator are
dry and this is well captured by the RCMs.
During OND (Fig. 2b), the RCMs indicate that the
rainfall band is concentrated over the equator and south
of equator where the ITCZ is located at this time of the
year. The RCMs reproduce most of the spatial structure
of OND rainfall, although of higher intensity in the
Congo airmass areas.
FIG. 3. Climatology of mean sea level pressure (shaded, hPa) and 850-hPa wind (vectors, m s21) during (a) JJAS and (b) OND as
simulated by (top, middle, and one-half of bottom row) the 10 CORDEX RCMs in comparison with (bottom row, last two panels)
ensemble and ERA-Interim. Mean sea level data were not available for ARPEGE and RegCM3.
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Thus, RCMs capture fairly well the rainfall season-
ality, although they overestimate rainfall in some areas,
especially over the Ethiopian highlands and Congo Basin
during JJAS and OND, respectively.
2) MEAN SEA LEVEL PRESSURE AND WIND FLOW
PATTERN CLIMATOLOGY
Figures 3a and 3b show the climatological pattern of
mean sea level pressure and 850-hPa wind for JJAS and
OND from the 10 CORDEX RCMs and the ensemble
mean in comparison with ERA-Interim reanalysis (note
that sea level pressure is not available for the CNRM-
ARPEGE and ICTP-RegCM3).
During JJAS the northern part of eastern Africa
covering most of the Ethiopian highlands is dominated
by ameridional ridge of weak high pressure, whereas the
southern and south eastern part of the region is domi-
nated by ridge of strong high pressure associated with
the extended part of Mascarene high. The spatial extent
and intensity of this pressure pattern is well represented
by each RCM in comparison with ERA-Interim re-
analysis. The intensity of strong westerly winds originate
from Atlantic Ocean passes over Sudan, and the East
African low-level jet (Somali jet) diverging out of the
Mascarene high passes over the coast of eastern Africa
are well simulated. These two features are the main
source of moisture for the northern part of Ethiopia
during JJAS (Segele et al. 2009b; Diro et al. 2011). The
weak easterly winds over the Democratic Republic of
Congo, Zambia, and Tanzania regions are also well rep-
resented. Furthermore, the models capture the role of
the Ethiopian and East African highlands that blocks
and recurves the circulation around the mountains.
During OND, much of the East African region is
dominated by weak high pressure, except the central
part of Ethiopia, and this is well represented by eachRCM
in agreement with ERA-Interim. Furthermore, the four
airstreams influencing the regional rainfall patterns are
well simulated (Fig. 3b). Two of the airstreams are in
association with the IndianOcean, the southeasterly and
FIG. 3. (Continued)
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northeasterly components. These airstreams become east-
erly and converge along the equator. The northerly com-
ponent climatologically influences Somalia and southern
Ethiopia, while the southerly component influencesKenya
and Tanzania (Nicholson 1996; Mpeta 2002). The third
airstream is associated with the tropical Congo rain for-
est. This flow is much weaker with a westerly component.
This airstream climatologically influences western por-
tion of equatorial eastern Africa, in particular Uganda,
Rwanda, and Burundi. The final airstream is associated
with dry Saharan air seen over much of Sudan, thus ex-
plaining the smaller portions of rainfall received over this
area during OND.
b. Model bias
Spatial plots of model bias from the reference field
GPCC over the entire domain are analyzed (not shown).
However, it is difficult to draw conclusions about the
model bias over the entire domain as each model shows
a wide variety of bias patterns in different parts of the
domain. Therefore, a paired t test for difference between
mean values of RCMs and observed GPCC for each
subregion at the 0.05 significance level is applied. The
null hypothesis is that there is no difference between the
two means (i.e., the means are equal). The alternative
hypothesis is that there is a difference between the two
means (the means are different). In fact, our assumption
is that the rainfall data follow a normal distribution.
Statistically significant biases that pass a Student’s t test
at the 0.05 level are shown in bold (Table 3).
1) JJAS
During JJAS over NEA, all RCMs and observational
datasets (GPCP and CRU) show statistically difference
values at 0.05 level (Table 3). All RCMs show wet bias,
except REMO and CCLM, which show dry bias.
2) OND
The paired t test for difference between mean values
of RCMs and GPCC shows that all the 10 RCMs in-
dicate wet bias in reproducing the OND rainfall over
EEA, whereas CCLM,ARPEGE,HIRHAM,RACMO,
and REMO show dry bias in reproducing OND rain-
fall over SEA (Table 3). All the biases are statistically
significant at the 0.05 level. The ensemble mean, ERA-
Interim, and the two observed datasets (GPCP and
CRU) have a small bias over SEA that is not statically
significant.
Using the ensemble mean as a reference (Table 4),
CCLM,ARPEGE,RACMO,REMO, and CRCM5 show
statically significant dry bias, whereas WRF and RegCM3
show wet bias over NEA during JJAS. Over EEA dur-
ing OND, CCLM, HIRHAM, RegCM3, and PRECIS
show wet bias, whereas REMO, WRF, and CRCM5
show dry bias that is statistically significant at the 0.05
level. All RCMs show statistically significant bias over
SEA using the ensemble mean as a reference field.
c. Spatial correlation
The consistency of the models in representing the
spatial distribution of rainfall with time for each sub-
region is evaluated using spatial correlation. Figure 4
depicts themagnitude and variability of spatial correlations
of the RCMs, ensemble mean, ERA-Interim, GPCP,
and CRU with GPCC over time during JJAS over NEA
and during OND over EEA and SEA.
The results for NEA show that CRCM5, RACMO,
RegCM3, RCA, and the ensemble mean have high and
consistent correlation with the GPCC data during JJAS
while CCLM, HIRHAM, REMO, PRECIS, ARPEGE,
andWRF are relatively weakly correlated (between 0.7
and 0.4) with the GPCC data. The HIRHAM model
has the lowest correlation withGPCC in this region and
it is noteworthy that the CCLM model poorly repre-
sented the spatial pattern of rainfall during the 1998 La
Ni~na event. The two observeddatasets (GPCPandCRU)
and ERA-Interim have relatively higher and more
consistent correlation with GPCC than the individual
models.
Over EEA, most of the models are inconsistent in
representing spatial rainfall distribution except RACMO,
RegCM3, and the ensemble mean, which have good and
consistent rainfall representation. The CCLM,HIRHAM,
and REMO models have relatively poor correlation in
terms of magnitude and consistency. Again, poor rep-
resentation is displayed by CCLM during the 1997 co-
occurrence of the strong El Ni~no and positive IOD
event, and in REMO during the 1994 IOD event. This
shows the shortcoming of the two models in capturing
the response from ENSO and IOD events. Over this re-
gion, the CRU dataset shows inconsistency in repre-
senting the spatial distribution of rainfall.
Over SEA, all RCMs and ERA-Interim had nearly
same level of consistency in reproducing spatial patterns
of rainfall during OND. Although the two observed
datasets have better agreement with GPCC than in-
dividual models, inconsistency in spatial distribution is
observed for CRU dataset.
d. Annual cycles
Figure 5 illustrates the performance of the CORDEX
RCMs in simulating annual rainfall cycle for the three
subregions. In NEA and SEA, all of the RCMs cap-
ture the shape of the rainfall seasonality well. How-
ever, in EEAmost of the models poorly reproduce the
OND rainfall peak. The GPCP observed data wrongly
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represent the rainfall peak both over NEA and EEA
subregions, while GPCC and CRU indicate nearly the
same pattern of seasonality in all subregions. The wrong
representation of seasonality in GPCP might be due to
its coarse resolution. In all the regions, the ensemble
mean have been found to have relatively good perfor-
mance as compared to individual models. The WRF is
found to be significantly overestimating rainfall over all
three subregions.
In general, there is fairly good agreement between
annual rainfall cycle simulated by CORDEXRCMs and
the reference field (GPCC). The most notable short-
coming in most RCMs is overestimation of the monthly
mean.
e. Taylor diagram
The models’ ability to simulate both the pattern and
amplitude of the observed interannual variation is pro-
vided by a Taylor diagram. Figure 6 summarizes the
pattern correlation (r), root-mean-square difference,
and the amplitude of variation of seasonal mean rainfall
of each RCM, ensemble mean, and ERA-Interim with
respect to the reference field (GPCC) for each of the
three subregions. To provide an overview of observa-
tional uncertainty, GPCP and CRU are also compared
to GPCC and plotted in the same diagram. All the sta-
tistics are computed for 1990–2006.
Over NEA during JJAS, most of the model show
relatively low correlation coefficient compared to the
other subregions (i.e., r , 0.8). RACMO, PRECIS,
REMO, and CRCM5 have relatively high pattern of
correlation and low root-mean-square difference and
has a variation close to the reference field (GPCC). The
ensemble mean has better agreement with GPCC than
individual models (i.e., r 5 0.84) or ERA-Interim-
derived data. ERA-Interim shows extremely high vari-
ation compared to the GPCC. Regarding the observed
datasets, the GPCP agrees best with GPCC. CRU and
multimodel ensemble have nearly the same level of
correlation coefficient, but the ensemble mean shows
lower variation than GPCC, while CRU shows higher
variation than GPCC.
Over EEA during OND, most of the models under-
estimate the magnitude of interannual variation relative
to GPCC, while three models (WRF, CRCM5, and RCA)
overestimate the variation. CCLM, RACMO, CRCM5,
and the ensemble mean have relatively higher correla-
tion and lowRMS errors than other RCMs as well as the
ERA-Interim reanalysis. It has been also noticed that
there is a large spread among observational datasets.
GPCP has a standard deviation higher than GPCC, while
CRU shows a variation much lower than GPCC. But
GPCP has relatively higher correlation and lower root-
mean-square difference than CRU.
Over SEA, all RCMs show a variation lower than the
observed except the WRF, which shows larger than the
observed. ARPEGE, ERA-Interim, and the ensemble
mean have a relatively higher pattern of correlation (i.e.,
r. 0.8) and lower root-mean-square difference than the
rest of the RCMs. The GPCP agrees best with GPCC.
Generally, some regional climate models have out-
performed the derived ERA-Interim (in relation to
the observed GPCC) and others have not; however, the
multimodel ensemble is found generally closer to the
GPCC than individual models as well as the derived
ERA-Interim. The WRF Model has showed a variation
higher than the observed in all subregions. Even though
there is large uncertainty between observational data-
sets, GPCP has better agreement with GPCC than CRU
in all subregions. Particularly over subregion SEA,GPCP
has a correlation coefficient of above 0.99 and has a sim-
ilar interannual variation with GPCC.
TABLE 3. Difference between seasonal mean rainfall between
each RCM and GPCC during 1) JJAS in subregion NEA and 2)
OND in subregions EEA and SEA. Bold values are significant at
the 0.05 level.
Model comparison JJAS (NEA) OND (EEA) OND (SEA)
CCLM–GPCC 20.36 0.65 21.3
ARPEGE–GPCC 0.84 1.23 21.02
HIRHAM–GPCC 0.99 0.53 21.49
RegCM3–GPCC 2.28 0.44 1.29
RACMO–GPCC 0.83 1.15 20.69
REMO–GPCC 20.76 1.37 21.27
RCA–GPCC 0.94 1.25 0.5
PRECIS–GPCC 0.98 0.71 0.96
WRF–GPCC 3.01 1.68 1.62
CRCM5–GPCC 0.84 1.51 0.62
Ensemble–GPCC 0.96 1.05 20.08
ERA-Interim–GPCC 1.8 1.02 20.07
GPCP–GPCC 20.21 0.4 20.02
CRU–GPCC 20.3 20.13 20.18
TABLE 4. Difference between seasonal mean rainfall between
each RCM and the ensemble mean during JJAS in subregion NEA
and OND in subregions EEA and SEA. Bold values are significant
at the 0.05 level.
RCM comparison JJAS (NEA) OND (EEA) OND (SEA)
CCLM–ensemble 21.63 20.4 21.22
ARPEGE–ensemble 20.43 0.18 20.94
HIRHAM–ensemble 20.28 20.52 21.41
RegCM3–ensemble 1.01 20.61 1.37
RACMO–ensemble 20.44 0.09 20.61
REMO–ensemble 22.03 0.32 21.19
RCA–ensemble 20.33 0.2 0.57
PRECIS–ensemble 20.28 20.34 1.03
WRF–ensemble 1.73 0.62 1.7
CRCM5–ensemble 20.43 0.46 0.7
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f. Interannual rainfall variability
The temporal pattern of rainfall over eastern Africa
has a strong interannual rainfall variability associated
with extreme events such as floods and droughts. Pre-
vious studies have shown that the interannual rainfall
variability is strongly associated with perturbations in
the global SSTs, especially over the equatorial Pacific
and Indian Ocean basins (Ogallo 1988; Nicholson and
Kim 1997; Indeje et al. 2000; Saji et al. 1999; Black et al.
2003; Clark et al. 2003 Nyakwada 2009; Omondi et al.
2013). The influence of global SST on eastern Africa
rainfall depends on the season and the region. Gener-
ally, during JJAS El Ni~no conditions produce deficit
rainfall and La Ni~na conditions produce excess rainfall
over the northern parts of East Africa, whereas during
OND the equatorial and southern parts of East Africa
get below average rainfall during La Ni~na and above
average during El Ni~no.
Figure 7 shows time series analysis of area averaged
seasonal rainfall anomalies of the RCMs, the ensemble,
ERA-Interim, and observed (GPCP and CRU) rainfall
over the three subregions in comparison to GPCC.
During JJAS, the observed rainfall variability is well
FIG. 4. Spatial correlations betweenGPCC and the CORDEXRCMs (top) over NEAduring JJAS, (middle) over EEAduringOND, and
(bottom) over SEA during OND.
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reproduced by most RCMs over NEA except for
ARPEGE, which showed some deviation. ERA-Interim
poorly represented the year-to-year variability of rainfall,
which also was shown in Fig. 6 over NEA. Most RCMs
capture the extreme years such as El Ni~no years of 1991,
1997, and 2004 with minimum rainfall whereas during
La Ni~na years (1998, 1999) rainfall is above average.
In EEA, almost all the RCMs realistically simulate the
FIG. 5. Mean annual cycle of rainfall over (top) NEA, (middle) EEA, and (bottom) SEA (mmday21)
from the 10 RCMs, ensemble, ERA-Interim reanalysis, and observations.
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interannual rainfall variability, notably the 1997 high
rainfall event that was associated with strong El Ni~no in
phase with positive IOD. CRU shows low year-to-year
variability of rainfall (also shown in Fig. 6 over EEA
with low standard deviation value). In SEA, the
RegCM3 and WRF do not capture well the interannual
rainfall variability. Although the ERA-Interim reanalysis
and ARPEGE model did not capture the rainfall vari-
ability in the NEA, in the latter two regions they best
represented the observed GPCC rainfall during the
El Ni~no of 1997.
g. Teleconnection
The teleconnection associated with East African rain-
fall is quite complex as several forcings control the rain-
fall variability for various seasons and regions. In this
section, we assess the ability of CORDEX RCMs in cap-
turing teleconnection signals using composite analysis.
The composite of each ENSO and IOD event is formed
separately to examine how well the models are able to
translate the teleconnection signal from the boundary
forcing into the interior of the domain and also to under-
stand the relative influence of the events on the rainfall
variability over the region.
Figure 8 shows the JJAS rainfall anomaly simulated
by CORDEX RCMs and ERA-Interim reanalysis in
comparison to the observation when pure La Ni~na events
are composited (refer to Table 2). Most of the RCMs and
ERA-Interim show a positive rainfall anomaly over large
parts of the Ethiopian highlands and South Sudan in
agreement with observation. This indicates that during
La Ni~na events there is an increase of rainfall over the
northern parts of eastern Africa during JJAS. This
finding is in agreement with previous studies (e.g., Diro
et al. 2011; Gissila et al. 2004; Korecha and Barnston
2007; Segele et al. 2009b, and others) that associated the
positive rainfall anomalies over the Ethiopian highland
during JJAS with La Ni~na, and the negative rainfall
anomalies with El Ni~no.
It should be noted that in our analysis period there is
no pure El Ni~no event to investigate whether the models
can translate the signal into the domain. However, co-
occurrence events of El Ni~no and positive IOD are
studied. Figure 9 represents rainfall anomaly for the co-
occurrence of El Ni~no and positive IOD events during
JJAS. Both simulated and observed results show negative
rainfall anomalies during JJAS over large parts of the
Ethiopian highlands and South Sudan. Most of the
RCMs simulate the negative rainfall anomaly quite well,
which is also a mirror image of La Ni~na impacts. How-
ever, only twomodels (RCAandWRF) capture the drier
anomaly over the northern and eastern parts of the
Democratic Republic of Congo, whereas most of the
FIG. 6. Taylor diagram displaying normalized statistical com-
parison of seasonal mean rainfall of the 10 RCMs and ERA-
Interim reanalysis with observation over (top) NEA during JJAS,
(middle) EEA during OND, and (bottom) SEA during OND.
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other models show wetter anomalies and the ensemble
mean of this region shows no anomaly.
The rainfall anomalies during pure La Ni~na and co-
occurrence of El Ni~no with positive IOD events for
OND are shown in Figs. 10 and 11. Most of the RCMs
correctly simulate negative rainfall anomaly duringOND
in the equatorial and southeastern parts of the region
when La Ni~na years are composited (Fig. 10). A similar
but reverse response is observed in co-occurrence of El
Ni~no with positive IOD composites (Fig. 11), which is
associated with increased rainfall during OND. Similar
findings have been reported in a number of previous
FIG. 7. Time series of CORDEX RCMs, ensemble, and observed rainfall anomalies (mmday21) over (top) NEA during JJAS, (middle)
EEA during OND, and (bottom) SEA during OND.
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studies (e.g., Ropelewski andHalpert 1987; Ogallo 1988;
Indeje et al. 2000; Nicholson and Kim 1997). The warm
phase of ENSO (El Ni~no) is associated with excess
rainfall and flooding, while the cold phase (La Ni~na)
often coincides with extreme drought conditions during
the short rain in much of equatorial East Africa (Ogallo
1988; Nicholson and Kim 1997).
To understand the effects of IOD over the region, the
pure positive and negative IOD composites are plotted
separately. The positive IOD composites for JJAS, pos-
itive IOD composites for OND, and negative IOD
composites for JJAS andOND have been analyzed over
the region (results not shown), and all of the results show
weak and localized rainfall anomalies compared to the
ENSO composites.
In general, results from the composite analysis have
shown that most of the models capture the response of
large-scale signals over eastern Africa during the anom-
alous events with respect to observations, where the
ensemble mean outperforms the individual models.
Both the RCMs and observed results show that ENSO
has a strong association for rainfall over the region while
the effect of IOD is weak and localized.
4. Summary and conclusions
In this study, the performance of 10 CORDEXRCMs
was evaluated for their ability to capture and charac-
terize rainfall patterns over East Africa as well as their
ability to reproduce the response to large-scale global
FIG. 8. As in Fig. 2a, but for JJAS rainfall anomaly (mmday21) during pure La Ni~na conditions.
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signals during the period 1990–2008. In the northern
sector of the region, JJAS is considered to be the long
rainy season as the region receives the largest fraction of
its total annual rainfall in these months. All RCMs re-
alistically simulated the rainfall belt associated with the
ITCZ during this season although most of the models
show wet bias apart from REMO and CCLM, which
showed dry bias. During OND, all RCMs captured well
the ITCZ belt. It was noted that 10 RCMs indicated wet
bias over EEA while CCLM, ARPEGE, HIRHAM,
RECMO, and REMO show dry bias in reproducing
OND rainfall over SEA. CRCM5, RACMO, RegCM3,
and RCA showed high spatial correlations together with
consistency in reproducing spatial patterns of rainfall
over time for JJAS in NEA and RACMO and RegCM3
during OND in EEA. The 10 RCMs had nearly same
level of consistency in reproducing spatial patterns in
SEA sector during OND. Overall, the 10 RCMs con-
sidered in the present study represent the correct shape
of the mean annual cycle of rainfall over both NEA and
SEA, but with a small shift in capturing the correct peak
of the dominant bimodal rainfall regimes in EEA. Gen-
erally, most of the models capture the regional rainfall
anomaly associated with ENSO and IOD in agreement
with the observations. Both model and observed results
showed that ENSO has a strong association for rainfall
over the region while the effect of IOD is weak and
localized. Many studies have shown that downscaling
FIG. 9. As in Fig. 2a, but for JJAS rainfall anomaly (mmday21) during the co-occurrence of El Ni~no and positive IOD.
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global models to the regional scale adds value to
information at these finer scales (Giorgi and Marinucci
1996; Giorgi and Mearns 1999; Giorgi et al. 1993a,b;
Sun et al. 1999a,b; Anyah and Semazzi 2006; Anyah
et al. 2006). We have demonstrated that some regional
climate models used in CORDEX-Africa have out-
performed the ERA-Interim rainfall (in relation to
the observed GPCC) and others have not; however,
the ensemble mean of the RCM output is mostly closer
to the GPCC data than the ERA-Interim. As the
CORDEXRCMs are forced by ERA-Interim reanalysis,
this would suggest that downscaling coarser model
output improves rainfall representation at the regional
scale.
In general, most of the RCMs overestimated rain-
fall in all the three subregions, WRF in particular.
The multimodel ensemble mean outperforms the results
of individual models, and even ERA-Interim, in most of
the areas and time periods as assessed by different cri-
teria. This is likely because of the cancellation of op-
posite signed biases across the models. Similar results
have been shown by Paeth et al. (2011) and in the
CORDEX context by Nikulin et al. (2012). At the level
of individual models it is of concern that many models
produce good results in one region and poor results in
another over the same time period. This would suggest
that some models may be getting correct results in par-
ticular regions for the wrong reasons. It is beyond the
FIG. 10. As in Fig. 8, but for OND.
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scope of this paper to investigate the individual models
in depth but this is a major caveat in interpreting the
results. Despite this, we have demonstrated that the
multimodel ensemble mean simulates eastern Africa
rainfall adequately and can therefore be used for the as-
sessment of future climate projections for the region.
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Evaluation of CGCM-driven simulations
The previous paper demonstrated that the RCMs are able to capture the seasonal and spatial
characteristics of rainfall over eastern Africa when driven by “perfect” reanalysis boundary
conditions. This section evaluates how well RCMs capture the statistics of the historical climate
when driven by imperfect boundary conditions i.e, using driving data from multiple coupled
global climate models (CGCMs). Simulations of the past by CGCMs are not time-synchronize
with the observed climate, so the boundary conditions supplied by the CGCM to the RCM are
not temporally equivalent to observed boundary conditions. Despite this, over a su ciently long
period of simulation the statistics of climate produced by the CGCM would be expected to be
similar to that of the statistics of the observed climate. When RCMs are forced by imperfect
driving conditions, error is introduced from two sources: through the RCMs own structural
errors (for example in parameterisation schemes) and the error inherited through the CGCM
lateral boundary conditions. In this paper results from two RCMs driven by multiple CGCM
simulations were analyzed and compared to the observed data as well as to the reanalyses-driven
RCM simulations that were analyzed in previous paper. The comparison of CGCM-driven RCM
results with reanalysis-driven RCM results help to identify the primary source of the error, i.e,
whether from the CGCM or the RCM. The CGCM-driven RCM simulations are compared with
the corresponding CGCM simulations to assess how far the RCM results diverge from their
corresponding driving CGCM results. The results form this paper provides a basis from which
projection information can be assessed, which is the theme of the paper in Chapter 4.
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seasons. Our analysis indicates that most of the errors in 
simulating the teleconnection patterns come from the driv-
ing CGCMs. RCMs driven by MPI-ESM-LR, HadGEM2-
ES and GFDL-ESM2M tend to perform relatively bet-
ter than RCMs driven by other CGCMs. CanESM2 and 
MIROC5, and their corresponding downscaled results 
capture the teleconnections in most of the sub-regions and 
seasons poorly. This highlights the relative importance of 
CGCM-derived boundary conditions in the downscaled 
product and the need to improve these as well as the RCMs 
themselves. Overall, the results produced here will be very 
useful in identifying and selecting CGCMs and RCMs 
for the use of climate change projecting over the Eastern 
Africa.
Keywords CORDEX · CMIP5 · Teleconnections · 
Eastern Africa · Rainfall · RCM
1 Introduction
Rainfall over Eastern Africa shows a high degree of inter- 
and intra-annual variability. This rainfall variability impacts 
the economy of the region because of the dependence of 
important sectors on rainfall (e.g. agriculture, water man-
agement, health and energy) and the relatively low adaptive 
capacity of these economies. For example, the two severe 
recent droughts 2008/2009 and 2011 in wide regions of 
Kenya, Ethiopia, Djibouti and Somalia affected food secu-
rity and subjected millions of peoples to famine (FEWS 
NET 2011; Slim 2012; UNOCHA 2011). Previous studies 
have linked the interannual variability of rainfall over the 
region with sea surface temperature (SST) anomalies over 
the tropical Oceans (Ropelewski and Halpert 1987; Nichol-
son and Kim 1997; Clark et al. 2003; Behera et al. 2005). 
Abstract The ability of climate models to simulate 
atmospheric teleconnections provides an important basis 
for the use and analysis of climate change projections. 
This study examines the ability of COordinated Regional 
climate Downscaling EXperiment models, with lateral 
and surface boundary conditions derived from Coupled 
Global Climate Models (CGCMs), to simulate the telecon-
nections between tropical sea surface temperatures and 
rainfall over Eastern Africa. The ability of the models to 
simulate the associated changes in atmospheric circula-
tion patterns over the region is also assessed. The models 
used in the study are Rossby Centre regional atmospheric 
model (RCA) driven by eight CGCMs and COnsortium 
for Small scale MOdeling (COSMO) Climate Limited-
area Modelling (COSMO-CLM or CCLM) driven by four 
of the same CGCMs. Teleconnection patterns are exam-
ined using correlation, regression and composite analysis. 
In order to identify the source of the errors, CGCM-driven 
regional climate model (RCM) results are compared with 
ERA-Interim driven RCM results. Results from the driving 
CGCMs are also analyzed. The RCMs driven by reanaly-
sis (quasi-perfect boundary conditions) successfully cap-
ture rainfall teleconnections in most examined regions and 
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Particularly, the El Niño Southern Oscillation (ENSO) 
(Ogallo 1988; Indeje et al. 2000; Mason and Goddard 
2001; Segele et al. 2009a; Diro et al. 2011b) and the Indian 
Ocean Dipole (IOD) (Saji et al. 1999; Abram et al. 2008; 
Ummenhofer et al. 2009; Bahaga et al. 2015) are suggested 
to be the dominant drivers of the rainfall variability over 
the region. Thus, a better understanding of SST-rainfall tel-
econnections and their simulation by global and regional 
climate models (RCMs) is increasingly important to deliver 
reliable predictions of seasonal to interannual rainfall 
anomalies for disaster prevention (floods and droughts) and 
resource planning (agriculture, water and energy).
Global Climate Models (GCMs) are the primary tools 
for understanding the global climate and its projected 
change under different forcing scenarios (IPCC 2007, 
2013). However, the coarse resolution of GCMs precludes 
them from capturing the effects of local forcings like ter-
rain effects and land-sea contrasts that modulate the cli-
mate signal at finer scales (Giorgi et al. 2001; Wang et al. 
2004; Rummukainen 2010). It also limits their ability to 
reproduce realistic extreme events that are critical to many 
users of climate information (Giorgi et al. 2009). In order 
to respond to the strategic, regional demands of society 
regarding climate variability and climate projection, vari-
ous downscaling techniques have been developed. These 
are broadly categorized into statistical and dynamical 
downscaling techniques. Statistical downscaling develops 
robust statistical relationships between large-scale climate 
variables like atmospheric surface pressure and a local cli-
mate variable like rainfall at a particular place. This rela-
tionship is then mapped to GCM data to obtain the local 
variable response (Hewitson and Crane 1996). The main 
drawback of statistical downscaling is that it assumes the 
derived statistical relationship will not change due to cli-
mate change. On the other hand, dynamical downscaling 
involves the use of numerical models that simulate the cli-
mate over a chosen domain based on fundamental conser-
vation laws and receives forcing GCM data at the domain 
boundaries. Dynamical downscaling include limited-area 
RCMs (e.g. Giorgi and Mearns 1991, 1999) and stretch-
grid atmospheric GCMs (e.g. Déqué and Piedelievre 1995; 
Fox-Rabinovitz et al. 2006).
RCMs are widely used tool for climate process studies 
and climate change projection by using boundary condi-
tions from reanalysis or GCMs output (Giorgi and Mearns 
1999; Wang et al. 2004). By operating at high spatial reso-
lutions, RCMs have the ability to capture small-scale fea-
tures and process that influence the regional climate such 
as topographical influence and small-scale processes. 
However, accurate simulation of precipitation still remains 
a major challenge in RCMs as it depends on many pro-
cesses. For example, Nikulin et al. (2012) show that pre-
cipitation is triggered too early during the diurnal cycle in 
the majority of CORDEX RCMs. Endris et al. (2013) also 
show that most of the CORDEX models failed to reproduce 
the October–December (OND) rainfall peak over equato-
rial part of eastern Africa. Therefore, a process based com-
parison of models with observations is an important step to 
understand limitations of the models and to provide guid-
ance for model improvement. Furthermore, the process 
based evaluation of models provides an important context 
for the interpretation and use of climate change projections. 
This is particulary important for CORDEX data users to 
explore the uncertainity for use of projected data.
Although several works have investigated the capability 
of RCMs to reproduce several features of African clima-
tology (Segele et al. 2009b; Sylla et al. 2009; Paeth et al. 
2011; Nikulin et al. 2012; Endris et al. 2013; Kalognomou 
et al. 2013 and Kim et al. 2014 among others), very few 
studies have attempted to evaluate the performance of 
RCMs in reproducing the large scale processes (e.g. tel-
econnections). Due to the high computational cost to run 
multiple RCMs and/or to force RCMs with output from 
a number of GCMs, those very few studies focused only 
on evaluating the performance of a single RCM driven by 
a single GCM and/or reanalysis datasets. For example, 
Anyah and Semazzi (2007) evaluated the capability of the 
International Center for Theoretical Physics RCM (ICTP-
RegCM3) in reproducing the rainfall variability over east 
Africa and found that the model preserves the relationships 
between the regional rainfall and some of the global tele-
connections (ENSO and IOD). Boulard et al. (2013) evalu-
ated the performance of the Weather Research and Fore-
casting (WRF) model in downscaling large-scale climate 
variability over southern Africa with a particularly attention 
of ENSO. They showed limited skill in the model’s ability 
to reproduce the seasonal droughts associated with El Ninõ 
conditions. Over tropical Americas, Tourigny and Jones 
(2009) evaluated the ability of the Rossby Centre Atmos-
pheric Model (RCA) to downscale SST and large-scale 
atmospheric anomalies associated with ENSO, and found 
that the model reproduces the majority of the documented 
regional responses to ENSO forcing. However, it is well 
known that each model has its strengths and weaknesses 
depending on the season and region chosen for the analysis 
(e.g. Endris et al. 2013; Kalognoumou et al. 2013). Addi-
tionally, the boundary conditions provided to the RCMs 
plays an important role in the model’s ability to propagate 
teleconnective signals into the region of interest. If the 
GCM is unable to capture, for example, the Walker circu-
lation response to ENSO, it is unreasonable to expect the 
RCM to propagate the signal into the region of interest.
In this study, our aim is to examine the ability of two 
RCMs that participated in the COordinated Regional cli-
mate Downscaling EXperiment (CORDEX), with lateral 
and surface boundary conditions derived from reanalysis 
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and CGCMs, to accurately reproduce the observed spati-
otemporal rainfall variability associated with the leading 
climate modes (like ENSO and IOD) affecting the eastern 
Africa on interannual time scales. We examine whether or 
not the downscaling propagates large-scale (teleconnective) 
forcing present in the reanalysis and CGCMs through the 
boundaries of the RCMs into the interior of the domain to 
simulate the local rainfall response. Such study is crucial 
since the capability of the RCMs to accurately simulate cur-
rent climatic conditions associated with large-scale features 
constrains their ability to accurately simulate future climate. 
Obviously this idea is based on the assumption that cur-
rent climate teleconnections with ENSO and IOD continue 
to operate in the same manner under a warming scenario. 
When RCMs are forced by CGCMs, the RCM simulations 
are affected by the combination effect of the imperfect driv-
ing fields and the RCMs’ structural errors. Comparing rea-
nalysis driven and CGCM-driven RCM results with obser-
vational data will help to determine whether errors come 
from the RCMs or driving lateral boundary conditions. To 
our knowledge, this is the first study assessing the ability 
of RCMs to simulate the climate impacts associated with 
ENSO and IOD over eastern Africa using different driving 
dataset as lateral boundary conditions.
The key research questions that we address in the study 
are:
1. Which oceanic basins have a strong relationship with
Eastern Africa regional rainfall? This will be addressed
using observed data.
2. How well the models perform at reproducing the
observed teleconnection patterns (amplitudes and spa-
tial patterns)?
3. How do different boundary forcings (from CGCMs)
affect the RCM ability to simulate the teleconnections?
4. How well the models represent the anomalous circula-
tion patterns associated with the leading climate modes
affecting the rainfall over the region?
2  Data and methods
2.1  Study region and areas of analysis
The study region covers the Eastern Africa region (see 
Fig. 1). Because of the complexities of rainfall in the 
region, it is important to categorize the region into homo-
geneous rainfall subregions. As such we first classified the 
Fig. 1  Homogeneous rainfall regions (left) with corresponding annual cycles (right) as categorized using hierarchical agglomerative clustering 
technique
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region into six climatically homogeneous rainfall subre-
gions using Global Precipitation Climatology Centre data 
that has a spatial resolution of 0.5° (GPCC; version 5, 
1901–2006; Rudolf et al. 2010). The regionalization was 
carried out using hierarchical agglomerative clustering 
technique with average linkage based on the R function 
hclust algorithms of Murtagh (1985). Like any other clus-
tering methods, this method has its own limitations. One of 
the limitations of this technique is that it requires the ana-
lyst to specify the appropriate number of clusters. Since 
this study focuses on the large-scale forcings, and we also 
analyze coarse resolution GCM output, we choose to limit 
the number of clusters to six, however it should be noted 
that the number of homogeneous rainfall regions could be 
fewer or greater than this number depending on the objec-
tives of the study. In fact, the result we obtained here is in 
agreement with previous studies conducted over different 
time periods using different observational data such as 
Liebmann et al. (2012) over Africa and Gissila et al. (2004) 
over Ethiopia.
Our analysis focuses on three subregions, which cover 
most of eastern Africa, namely: the northern part of East-
ern Africa (NEA), Equatorial Eastern Africa (EEA) and 
the Southern part of Eastern Africa (SEA) (Fig. 1). NEA 
covers most the Ethiopian highlands and South Sudan, and 
some parts of Eritrea and Sudan, which has a rainfall maxi-
mum during boreal summer (June–September) and a pro-
nounced dry season in boreal winter. EEA covers most of 
Somalia, Kenya, Uganda, and South Eastern parts of Ethio-
pia, and is characterized by a bimodal rainfall distribution 
with the major rainfall season in March–May (MAM) and a 
shorter rainfall season in October–December (OND). SEA 
lies south of the equator and is mainly characterized by 
long unimodal rainfall distribution extending from October 
to April.
The seasons analyzed in this study are JJAS for NEA, 
and OND for EEA and SEA. MAM rainfall season is not 
included in the analysis because rainfall teleconnections 
(i.e., correlations) with SSTs is much weaker (Indeje et al. 
2000) and so is less usefully assessed against model data.
2.2  Data
2.2.1  Observed data
The observed rainfall dataset utilized in this study is the 
GPCC. This dataset is a gauge-based gridded observational 
dataset available at a 0.5° spatial and monthly temporal 
resolution. The observed SST data used in this study is the 
monthly mean National Oceanic and Atmospheric Admin-
istration Optimum Interpolation SST version 2 (NOAA_
OI_SST_V2) gridded observational dataset, provided by 
the NOAA-CIRES Climate Diagnostics Center, Boulder, 
USA (http://www.esrl.noaa.gov/psd/data/gridded/data.
noaa.oisst.v2.html). The NOAA_OI_SST_V2 product inte-
grates both in situ and satellite data from November 1981 
to present at a 1° spatial resolution. These SST monthly 
fields are derived by a linear interpolation of the weekly 
optimum interpolation (OI) version 2 fields to daily fields 
and then averaging the daily values over a month (Reynolds 
et al. 2002). More details about the product can be found in 
Reynolds et al. (2002). Surface winds and sea level pres-
sure dataset are based on ERA-Interim reanalysis (Dee 
et al. 2011). We note that reanalysis is essentially model 
simulations that incorporate all available observations at 
the time of the processing.
2.2.2  Model data
In this study we used the results from two CORDEX 
RCMs, namely the Rossby Centre regional atmospheric 
model (RCA) (Samuelsson et al. 2011) and COnsortium 
for Small scale MOdeling (COSMO) Climate Limited-
area Modelling (COSMO-CLM or CCLM) [Baldauf et al. 
2011]. Both models have first been run in an “evaluation” 
mode, i.e. driven by ERA-Interim for the period 1989–
2008 (see Nikulin et al. 2012; Panitz et al. 2014). Thanks 
to SMHI institution, another RCA model evaluation run is 
performed and available for the period of 1980–2010. For 
the historical CGCM driven runs, which cover the period 
1950–2005, RCA has been driven by 8 CGCMs and CCLM 
by 4 of the same CGCMs (see Dosio et al. 2015; Dosio and 
Panitz 2015 for CGCM driven CCLM runs). All the COR-
DEX Africa simulations were at spatial grid resolution of 
0.44°. Table 1 presents a list of RCMs and driving CGCMs 
considered in the present study.
The CMIP5 CGCMs have different ensemble members 
(r1, r2, r3 etc.) different only in initial conditions around 
1850, while the physics and the greenhouse gas forcing 
are the same. For CORDEX Africa simulations only the 
first member from the CMIP5 CGCMs is used to force the 
RCMs with the exception of the EC-EARTH model from 
which the 12th ensemble member was used. All CGCM 
and RCM rainfall data were interpolated to a common grid, 
similar to the observed GPCC dataset 0.5° resolution. As 
mentioned above, ERA-Interim driven RCA model run 
is available for the period of 1980–2010 as well as 1989–
2008. We compared these two RCA evaluation runs with 
observation to check the sensitivity of teleconnection pat-
terns to the choice of the period and found teleconnection 
patterns are not sensitive to the choice of the period. We 
therefore chose the 1989–2008 period for both RCM ERA-
Interim downscalings as a common period. The CGCM 
and downscaled CGCM data were extracted from 1982 to 
2005 to maximise the overlap with observed SST data to 
compute statistical relationships and quantify teleconective 
Teleconnection responses in multi-GCM driven CORDEX RCMs over Eastern Africa
1 3
events. Although this period is not identical to that of the 
downscaled ERA-Interim runs, we again found that the 
assessment of teleconnection patterns were not sensitive 
to the choice of the period. Thus in all cases, our analy-
sis focuses on the period of 1982–2005, with the excep-
tion of the ERA-Interim driven evaluation downscaling 
(1989–2008).
2.3  Methods
To assess the models’ ability in representing teleconnection 
patterns, we follow an approach similar to Langenbrunner 
and Neelin (2013). Spearman’s rank correlation and lin-
ear regression are used to calculate the seasonal precipita-
tion teleconnections between regional rainfall and SSTs in 
a number of oceanic regions for the selected time period. 
The Spearman’s rank-order correlation is a non-parametric 
rank statistic that measures the strength of the associa-
tion between two variables (Hauke and Kossowski 2011). 
Unlike Pearson’s product-moment correlation, it is a robust 
method in the presence of outliers, and does not require 
the assumption of normality. It also does not assume linear 
relationships, which means it is well-suited for exponential 
and logarithmic relationships. Linear regression is widely 
used for assessing the relationship between precipitation 
and SSTs. One limitation of this method is the assumption 
that precipitation data follow a Gaussian distribution, but 
in reality it is zero bounded and demonstrates non-gaussian 
behavior.
The analysis procedure is constructed in the following 
way. First, seasonal means have been computed for both 
precipitation and SST fields. Since teleconnection signals 
are the main focus of this study, long-term changes/trends 
were removed from both observed and simulation time 
series. Thus, all seasonal time series have been detrended 
linearly at each grid point. Each SST grid-point is then cor-
related against a spatially averaged rainfall time series to 
identify the oceanic regions that have robust relationships 
with the regional seasonal rainfall, as well as to assess the 
models’ ability to simulate the different patterns of telecon-
nections with each region. Once we have identified regions 
that have a strong relationship with regional rainfall, pre-
cipitation at each grid-point is regressed against a spatially 
averaged SST time series. The aim is to examine the ability 
of the model to capture the spatial pattern as well as the 
amplitude of the teleconnection patterns. Appropriate tests 
are used in the rank and linear methods to resolve grid-
points that meet or pass 5 % significance level. Student’s 
t test is used for computing the statistical significance for 
linear regression by assuming independent normal distribu-
tions. The statistical significance for the spearman’s rank 
correlation is computed using z-test.
Finally, composite analysis is used to assess the models’ 
ability to represent the anomalous circulation patterns asso-
ciated to the dominant modes affecting the rainfall over the 
region. Details of this method are presented in section “d” 
under results and discussion part.
3  Results and discussion
Before analyzing how the climate models represent the 
teleconnection patterns, we first clarify two important 
points. The first point is that caution needs to be taken 
when comparing downscaled CGCMs climatologies 
(the historical runs) as a function of real calendar time, 
especially in relation to observational dataset. It is not 
expected the simulation of natural variability in down-
scaled CGCM simulations to follow the same time evolu-
tion as the observations. This is related with the experi-
mental design of the driving CMIP5 CGCM simuations. 
The CMIP5 CGCMs are the so-called free-running sim-
ulations, and natural variability in these models is not 
constrained to occur in the same phase sequence as the 
real world (Taylor et al. 2012). In other words, there is 
no input to the models to control the natural or internal 
Table 1  List of CORDEX 
RCMs and the driving CMIP5 
CGCMs used
RCA is driven by 8 CGCMs, while CCLM driven only by 4 CGCMs. All model dataset were obtained 
from the Earth System Grid Federation (ESGF) web portals
CGCMs CGCMs Horizontal 
resolution
RCMs Institute and country
RCA CCLM
CNRM-CM5 1.4° × 1.4° ✓ ✓ CNRM, France
EC-EARTH 1.125° × 1.12° ✓ ✓ European Consortium
HadGEM2-ES 1.875° × 1.25° ✓ ✓ MOHC, United Kingdom
MPI-ESM-LR 1.9° × 1.9° ✓ ✓ MPI, Germany
CanESM2 2.8° × 2.8° ✓ CCCma, Canada
GFDL-ESM2M 2.5° × 2.0° ✓ NOAA/GFDL, United States
MIROC5 1.4° × 1.4° ✓ CCSR/NIES/JAMSTEC, Japan
NorESM1-M 2.5° × 1.9° ✓ NCC, Norway
H. S. Endris et al.
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variability in the simulated climate. To ensure the models 
to fellow the same phase with the simulated variability of 
the real world, the models either must be run in a forecast 
mode (i.e., models must be initialized to the current state 
of the coupled ocean–atmosphere system) (Yang et al. 
2009) or in forced projection mode (i.e., models must 
be forced with observed SSTs) (Kosaka and Xie 2013). 
However, this is not the case for the CMIP5 CGCM runs. 
Therefore, like the driving CGCM simulations, it is not 
expected the simulated variability in downscaled CGCMs 
sequence to match in phase with reality. The models can 
still simulate the statistical properties of climate features. 
Thus, in our analysis for models driven by CGCMs, SST 
from the parent CGCM and rainfall from the RCMs is uti-
lized to compute SST-rainfall teleconnections. However, 
for RCMs driven by reanalysis dataset, it is expected that 
the simulated variability occur temporally in phase with 
reality, so an observed SST dataset is used to analyze 
the teleconnection patterns. For the analysis of CGCM 
results, we use monthly precipitation and SST data from 
the CMIP5 CGCMs.
The second point concerns methods of assessing tel-
econnections for the multi-model ensemble mean. One 
approach, to obtain the teleconnection of ensemble mean, 
is by averaging the different model files to form a sin-
gle file before computing the teleconnections, however, 
this is misleading as it smoothes the variability. Another 
approach is by calculating the teleconnections for each 
ensemble member (RCM realization) individually and 
average the patterns together later. While this is more 
widely used, obtaining a test of statistical significance 
becomes complicated, as one cannot easily take an aver-
age of significance tests across different models. A third 
approach (the option we have chosen) is by concatenat-
ing time series of the available models and then com-
pute the teleconnection from the concatenated data as it 
allows computation of significant values. It is expected 
that too many significant correlations would emerge from 
this method, as there are a large number of observations 
as a result of the concatenation. To reduce the chances 
of obtaining erroneous/excessive significant correlations, 
an adjustment has been made to p values using Bonfer-
roni correction (Bland and Altman 1995). Bonferroni 
correction is a statistical method used to correct p values 
when several dependent or independent statistical testes 
are being performed simultaneously on a single data-
set. Accordingly, we obtained a new critical value for 
the concatenated data (0.0125) by deviding the critical p 
value (0.05) with the number of hypothsises being tested 
(4), with p value <0.0125 to be significant. We noted that 
apart from being able to obtain significant correlation in 
this approach, the teleconnection patterns obtained from 
the last two methods are almost identical.
3.1  Teleconnection patterns resolved though Spearman 
rank correlation
In order to identify oceanic regions that have a robust rela-
tionship with regional rainfall and also to assess the mod-
els’ ability to simulate the spatial pattern of the teleconnec-
tion, area averaged seasonal rainfall in each homogeneous 
rainfall subregion is correlated with concurrent grid point 
SSTs. These relationships are shown in Fig. 2a–c for the 
models and observation. In each case, the cross-hatches 
indicate statistically significant correlations at the 5 % 
level. Here significant correlations are computed using 
z-test statistic. The test statistics assumed to follow the
normal distribution under the null hypothesis (i.e., no cor-
relation). As has been mentioned above, RCA model was
driven by 8 CGCMs, whereas CCLM was driven by 4 com-
mon CGCMs. For direct inter-comparison of CGCM and
downscaled results, each Figure contains two panels (top
and bottom). In the top panel, the first column shows the
observational dataset, then the 4 common driving CGCMs
and finally the CGCM ensemble mean; the second column
shows the results of RCA driven by ERA-Interim, 4 com-
mon CGCMs and the ensemble mean; and the third column
is similar to the second column, but for CCLM. In the bot-
tom panel are the results of the remaining 4 CGCMs (first
column) and the downscaled RCA results (second column).
Figure 2a shows the spearman’s rank correlations 
between de-trended JJAS rainfall area-averaged over NEA, 
against de-trended concurrent grid-point SSTs. Hatching 
indicates statistically significant correlations at the 5 % 
level. The observed dataset (GPCC) shows that JJAS rain-
fall in the northern part of the region has significant cor-
relation with SSTs in Eastern equatorial Pacific—a positive 
rainfall anomaly tends to occur during the cold phase of 
ENSO while dry conditions prevail during the warm phase 
ENSO. This is consistent with previous studies of Segele 
et al. (2009a) and Diro et al. (2011b), which use rain gauge 
rainfall data, and observed SST. This signal is also well 
captured by ERA-Interim driven RCMs. Mixed results are 
found in the CGCMs and the downscaled CGCM data. In 
some cases both CGCMs and corresponding downscaled 
results show similar teleconnection patterns, but in other 
cases the RCMs either deteriorate or improved the telecon-
nection signal. For example, EC-EARTH and MPI-ESM-
LR and their corresponding downscaled results fail to 
Fig. 2  a Correlations of JJAS rainfall averaged over NEA, against 
concurrent grid-point SSTs. Hatching indicates regions where the cor-
relation is statistically significant at the 5 % level. b Correlations of 
OND rainfall averaged over EEA, against concurrent grid-point SSTs. 
Hatching indicates regions where the correlation is statistically sig-
nificant at the 5 % level. c Correlations of OND rainfall averaged over 
SEA; against concurrent grid-point SSTs. Hatching indicates regions 
where the correlation is statistically significant at the 5 % level
▸
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capture the positive correlation observed in our reference 
dataset (i.e., GPCC) over tropical Atlantic Ocean. Simi-
larly, CanESM2, MIROC5 and corresponding downscaled 
results RCA (CanESM2) and RCA (MIROC5) show strong 
negative correlations with central Indian Ocean, which is 
not observed in our reference dataset. In those cases it is 
clear that the errors primarily originated from the driv-
ing CGCMs and the RCMs are unable to improve the tel-
econnection patterns. In few cases the RCMs deteriorated 
or improved the teleconnection patterns. For instance, 
NorESM1-M shows positive correlation with eastern 
equatorial pacific (which is opposite to the observed sig-
nal), while the downscaled result RCA (NorESM1-M) 
reproduced well the observed patterns. Similarly, GFDL-
ESM2M shows strong positive correlations over the cen-
tral Indian Ocean, whereas the corresponding downscaled 
result exhibit relatively good agreement with the obser-
vation (see Fig. 2a lower panel). These improvements in 
downscaled simulations might be due to the better repre-
sentation of sub-GCM grid scale forcings by the RCM or 
because of the possible cancellation of errors produced by 
the RCM and those from the driving CGCM. Conversely, 
CNRM-CM5 captured the teleconnection with eastern 
equatorial Pacific Ocean, while the RCMs deteriorated the 
signal, especially RCA model.
Figure 2b represents the correlations between de-trended 
OND area-averaged rainfalls over EEA, against de-trended 
concurrent grid-point SSTs. During OND, warmer (colder) 
than average SSTs throughout the western Indian Ocean 
and equatorial Pacific Ocean are associated with enhanced 
(decreased) rainfall over the equatorial part of Eastern 
Africa. The correlations over the equatorial Pacific Ocean, 
however, are weaker compared to the western part of the 
Indian Ocean, and this suggest that the IOD is the domi-
nant rainfall driver for the equatorial Eastern Africa region 
during OND. This is in agreement with the recent study of 
Bahaga et al. (2015) who indicated that the positive phase 
of IOD produces more rainfall (compared to the positive 
phase of ENSO) over the EEA by enhancing the moisture 
influx from Congo basin. The majority of the models, both 
CGCMs and the RCMs, simulated positive correlations 
between western Indian Ocean SST and the rainfall over 
EEA. Over all, the ERA-Interim driven downscaled results 
show better agreement with observed spatial teleconnec-
tion patterns than the CGCM driven downscaled results. It 
can be seen that disagreements exist in the CGCM down-
scaled results in reproducing the observed teleconnection 
patterns. The most notable feature is that EC-EARTH, 
CanESM2, MIROC5 and their downscaled results show 
opposite teleconnection patterns over Eastern equatorial 
Pacific Ocean. This clearly reflects the impact of the driv-
ing CGCM in producing a wrong signal in the downscaled 
results. MPI-ESM-LR, GFDL-ESM2M, NorESM1-M 
and their corresponding downscaling results overestimate 
the strength of the teleconnections over Eastern equato-
rial Pacific. This overestimation in downscaled results 
are likely primarily associated with the respective driving 
CGCMs, however some error is attributable to the RCMs 
as ERA-Interim driven RCM simulations also overestimate 
the correlations over the equatorial Pacific Ocean. Unlike 
NEA (Fig. 2a), there is a similarity between the RCM 
results and their respective driving CGCM results in repro-
ducing the teleconnection patterns in EEA (Fig. 2b).
Figure 2c is similar to Fig. 2b, but for SEA. Similar tel-
econnection patterns are observed as EEA, but the highest 
correlations are shifted to the central Indian Ocean instead 
of Western part of Indian Ocean and spatially there is less 
statistical significance in the correlations than the case of 
EEA. Despite this, we suggest that the central Indian Ocean 
is an important driver for the rainfall variability over SEA 
as suggested by Rowell (2013). Overall, the ERA-Interim 
driven RCM simulations captured the pattern and strength 
of teleconnections better than the CGCM-driven RCM 
simulations. CanESM2 and its corresponding simulation 
failed to reproduce the positive correlation over tropical 
Indian and Pacific Ocean. Similarly, MIROC5 and its cor-
responding downscaled result failed to represent the posi-
tive relationship between the SSTs over equatorial Pacific 
Ocean and rainfall over SEA. This again reflects the effect 
of boundary conditions for the wrong teleconnections in 
the downscaled results.
It is worth noting that the teleconnections between SSTs 
and rainfall over EEA and SEA (Fig. 2b, c) are generally 
very similar in the CGCM simulations and their downscaled 
results than the case of NEA (Fig. 2a). This might be related 
with the processes that drive the seasonal rainfall in the 
respective regions. As suggested by previous studies (Indeje 
et al. 2000), OND rainfall over EEA and SEA is mainly 
controlled by large-scale features, while both local and 
large-scale features control JJAS rainfall over NEA (Diro 
et al. 2011a; Endris et al. 2013). Thus it is expected that a 
discrepancy might exist between the RCM and the respec-
tive driving CGCM simulations over a region where mes-
oscale processes have important influence on rainfall, as the 
CGCMs cannot adequately represent small-scale features.
It is also important to mention that the similarity 
between the downscaled ERA-Interim and the observed 
patterns is much greater than the similarity between the 
downscaled CGCM and the original CGCM patterns 
(Fig. 2a–c). We further assess this by analyzing and com-
paring the deviation of the reanalysis-driven teleconnection 
patterns from observation and/with deviation of CGCM-
driven simulations from the CGCMs (not shown). The 
results show that the RCMs change teleconnection patterns 
from CGCMs much more than they change patterns when 
driven by reanalysis dataset. This is particularly true over 
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topographically complex region (NEA) where the local 
rainfall is controlled by both mesoscale and large-scale pro-
cesses. As noted above, the interaction between small-scale 
and large-scale features might cancel out or increase the 
noise when downscaled if there are unrealistic features in 
the driving fields of the CGCM.
It is, however, difficult to assess the individual model 
performance since some models capture some telecon-
nections but not others. Thus an objective and quantitative 
approach is applied by calculating the spatial (pattern) 
correlation of temporal correlations. Figure 3 represents 
the pattern correlation of correlation coefficients between 
observation and each model. Due to the curvature of the 
Earth, the actual area represented by a latitude/longitude 
grid sample decreases with latitude. Thus, to ensure that 
each grid point is weighted by the area it represents, the 
correlation values at each grid-point are multiplied by the 
square root of the cosine of latitude.
Fig. 3  Pattern correlation of 
correlation coefficients between 
the models and observation 
a over NEA (JJAS), b EEA 
(OND) and c SEA (OND). 
Correlations are weighted with 
respect to latitude
H. S. Endris et al.
1 3
The ERA-Interim driven RCM runs perform better than 
any CGCM runs in reproducing the spatial pattern of tel-
econnections in every subregion and season, but again there 
is a wide disagreement in CGCM-driven RCMs between 
one another and with the observation. There is also no clear 
improvement by the RCMs of their driving CGCM results. 
For example, over NEA during JJAS (Fig. 3 top panel), 
CNRM-CM5 shows a positive pattern correlation with the 
observed GPCC, but its corresponding downscaled results 
(both by RCA and CCLM model) show negative pattern 
correlation i.e. RCMs have deteriorated the teleconnection 
relationship. In contrast, NorESM1-M and MPI-ESM-LR 
show a negative correlation, while their downscaled results 
improve the correlation. Over EEA and SEA during OND 
(Fig. 3 middle and bottom panel), HadGEM2-ES, MPI-
ESM-LR, GFDL-ESM2M and Ensemble Mean captured 
the pattern correlation better than any other models, while 
CanESM2 and MIROC5 performed poorly. As it was dis-
cussed earlier, there is a similarity between the RCM simu-
lations and their driving CGCMs simulations in reproduc-
ing the spatial pattern of teleconnections over EEA and 
SEA during OND.
In general, results from the correlation analysis have 
shown that ENSO has a strong association with rainfall 
over the northern part of the region during JJAS, while 
the effect of IOD is more evident for equatorial and south-
ern part of the region during OND. It is also clear that the 
ERA-Interim driven RCMs outperform the CGCM-driven 
RCMs, suggesting that boundary conditions from the 
CGCM are indeed is the main contributor to poor skill in 
representing the response to teleconnections in the RCMs. 
It is also worth mentioning that similarities in SST-rainfall 
teleconnection patterns between the RCM simulations and 
respective driving CGCM simulations are noticeable over 
regions where the rainfall is primarily controlled by large-
scale (synoptic-scale) features, with the RCM simulations 
conserving the overall regional patterns from the forcing 
models. Differences in RCM simulations from correspond-
ing driving simulations are noted mainly over northern part 
of the domain which is most likely related to mesoscale 
processes that are not resolved by CGCMs.
3.2  Teleconnection pattern resolved through linear 
regression
To evaluate the ability of individual models to simulate 
both the patterns and amplitude of rainfall teleconnections, 
a regression analysis was applied to SST indices in Oce-
anic regions that have strong correlations with eastern Afri-
can rainfall. The SST regions used to compute indices are 
indicated in Fig. 4. These regions have been selected based 
on Fig. 2a–c and literatures that describe the relationship 
between Eastern Africa rainfall and SST (e.g. Ogallo 1988; 
Saji et al. 1999; Ummenhofer et al. 2009; Diro et al. 2011b; 
Rowell 2013). For the Pacific, the NINO3.4 index, which 
is the average of SST over 5°S–5°N, 170°–120°W, is used 
to measure ENSO variability. For the Indian Ocean, we use 
the standard definition of IOD (Saji et al. 1999), which is 
the difference between the area average SST in the IODW 
region (10°S–10°N, 50°–70°E) and IODE region (10°S–0°, 
1. NINO3.4 index - average of 5°S–5°N, 170°–120°W
2. IOD - averages of 10°S–10°N, 50°–70°E minus 10°S–0°, 90°–110°E
3. IODC - average of 25°S–10°N, 55°–95°E
4. TADI - averages of 5°–25°N, 55°–15°W minus 20°S–0°, 30°W–10°E
Fig. 4  Location of SST regions used to compute indices in the analysis
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90°–110°E). Also the central Indian Ocean Index (CIOD), 
which is the average of SST over 25°S–10°N, 55°–95°E, is 
used following Rowell (2013). In the Atlantic, a Tropical 
Atlantic Dipole Index (TADI) is defined as the difference 
between tropical North and South Atlantic indices (aver-
ages of 5°–25°N, 55°–15°W minus 20°S–0°, 30°W–10°E), 
following Enfield et al. (1999).
As discussed earlier, the main advantage of using regres-
sion over the Spearman rank correlation is that we can inter-
pret the teleconnections in terms of changes in the magnitude 
of the physical variables, which in this case is rainfall rate 
per degree change of SST in the different ocean regions. It is 
important to note that linear regression makes a few assump-
tions about the data (e.g. linearity and normality). Thus we 
checked the sensitivity of teleconnection patterns to the sta-
tistical assumptions going into the calculations with Spear-
man’s rank method, which does not make such assumptions 
(Fig not shown). The test confirmed that teleconnection pat-
terns are not sensitive to the statistical methods employed. 
As has been noted by Langenbrunner and Neelin (2013), tel-
econnection patterns defined with linear regression are use-
ful for questions that involve the amplitude of the signal.
Figures 5a shows observed and modeled rainfall telecon-
nections for the JJAS season against NINO3.4 as estimated 
by linear regression. Stippled patterns indicate statistically 
significant regression coefficients at the 5 % level. Here 
student’s t-test is used to resolve grid points that meet or 
pass 5 % significance level. The test statistics assumed to 
follow the t-distribution under null hypothesis regression 
slop of zero. Negative coefficients occur over most of the 
northern part of the domain indicating that rainfall is above 
normal when the index is negative, and the rainfall is below 
normal when the index is positive. The majority of models 
reproduce these observed features. Both RCMs driven by 
CNRM-CM5 poorly simulate the teleconnection patterns 
against Niño3.4 index, while driving CGCM (CNRM-CM) 
reproduced the pattern better than the downscaled results. 
GFDL-ESM2M and NorESM1 produced wrong signal over 
the northern part of the domain. The regression coefficients 
between JJAS rainfall and TADI were also calculated (not 
shown). The results show that TADI has week and local-
ized effect over the region during JJAS compared to the 
influence of ENSO, and there is a disagreement among the 
models in capturing the teleconnections patterns.
Rainfall teleconnections for the OND season against 
NINO3.4 and IOD index estimated by linear regression are 
indicated in Fig. 5b, c, respectively. Both indices have a 
positive relationship with the regional rainfall, but the IOD 
rainfall relationships are stronger than the ENSO rainfall 
relationships, and this indicates the influence of the IOD 
on regional rainfall during OND is higher than ENSO. 
The majority of the models reproduced the teleconnection 
against both indices. Once again there is a clear effect of 
the CGCM-supplied boundary conditions in simulating 
the teleconnection patterns. For example, the wrong signal 
in EC-EARTH, CanESM2 and MIROC5 over NINO3.4 
region resulted in wrong teleconnection patterns in their 
corresponding downscaled results (Fig. 5b). Similarly, the 
wrong teleconnection signal in CanESM2 and MIROC5 
models against IOD affected the teleconnection in their 
downscaled results (Fig. 5c).
To understand the effect of the central Indian Ocean over 
the region, regression coefficients between OND rainfall 
and CIOD were calculated (not shown). The CIOD has a 
large influence in the southern region of the domain with 
excess (deficit) rainfall being associated with warming 
(cooling) of the central Indian Ocean as shown by Row-
ell (2013). Like the case of ENSO and IOD, differences in 
regional simulations associated with the CIOD originate 
mainly from the respective CGCM fields (not shown).
Figure 5a–c provide a spatial assessment of teleconnection 
patterns over the entire Eastern Africa region, and one can see 
that there is often disagreement between the CGCMs as well as 
the downscaled results in different regions. We further assess 
and summarize the ability of the models to reproduce the spa-
tial pattern of teleconnections and represent the amplitude of 
these patterns in each homogeneous rainfall sub-regions using 
Taylor diagrams (Taylor 2001). The Taylor diagrams in Fig. 6 
show the spatial root mean square deviation and spatial cor-
relation of regression field (i.e. regression coefficients from 
Fig. 5a–c, and regression coefficients against TADI and CIOD 
discussed previously) of models with respect to the reference 
field in each homogeneous rainfall sub-regions. The spatial 
root mean square deviations (spatial standard deviation) of the 
models are normalized against the spatial standard deviation 
of the observation, and this spatial standard deviation is used 
as a measure of the teleconnection amplitudes. Examination of 
spatial patterns of teleconnections based on pattern correlation 
demonstrated that similarties between the regional simulations 
and the respective CGCM simulations are evident, with the 
RCM simulations maintaining the regional patterns from the 
forcing models. Concering the amplitude of teleconnections, 
CGCMs generally tend to underestimate the amplitude, while 
the RCMs overestimate it in most of the subregions against the 
different indices (Fig. 6a, b). The high amplitude of telecon-
nection (i.e., higher spatial standard deviation) in the RCM 
simulations might be directly due to better precipitation cap-
ture, enhanced by a better-resolved topography. On the other 
hand, the low amplitude of teleconnection in CGCMs may be 
assocaited with a poorly resolved topography and other small-
scale features due to coarse resolution. The other possibility 
for the discrepancy of the amplitude was likely due to the 
interpolation as we re-gridded the coarse resolution data to a 
higher resolution (0.44°). However, re-gridding the high reso-
lution dataset into coarse resolution (2°) gave nearly identical 
results.
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Fig. 5  a JJAS rainfall teleconnections, as diagnosed through a linear 
regression analysis of rainfall against the Nino3.4 index. Stippling 
indicates regions where the regression coefficient is statistically sig-
nificant at the 5 % level. Units are mm day−1 °C−1. b OND rainfall 
teleconnections, as diagnosed through a linear regression analysis of 
rainfall against the Nino3.4 index. Stippling indicates regions where 
the regression coefficient is statistically significant at the 5 % level. 
Units are mm day−1 °C. c OND rainfall teleconnections, as diagnosed 
through a linear regression analysis of rainfall against the IOD. Stip-
pling indicates regions where the regression coefficient is statistically 
significant at the 5 % level. Units are mm day−1 °C−1
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3.3  Simulating mean climate
Finally, we evaluated the models’ performance for sim-
ulating the mean climate to check if there is straight-
forward relationship to their performance in captur-
ing the teleconnections. Taylor diagrams are used to 
compare model performance for the annual cycle of 
rainfall with observation in each homogeneous rain-
fall sub-regions (Fig. 7). Overall, the models produce 
better annual cycles of rainfall in NEA and SEA (over 
uni-model rainfall regions) than in EEA (bi-model rain-
fall region). The ERA-Interim driven RCMs reproduce 
Fig. 5  continued
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the annual cycles better than CGCM driven RCMs and 
parent CGCMs. GFDL-ESM2 and NorESM1-M poorly 
reproduce the annual cycle in NEA (i.e. correlations less 
than 0.8). HadGEM2-ES, GFDL-ESM2M, NorESM1-M 
and their corresponding downscaled results are among 
poorly performing models in EEA. CanESM2, MIROC5, 
NorESM1-M and GFDL-ESM2M overestimate the stand-
ard deviation over SEA, while CNRM-CM5 underes-
timates it. From these figures it appears that the ability 
of the models in reproducing the teleconnections is not 
directly related to their ability in representing the clima-
tological rainfall pattern.
Fig. 5  continued
Teleconnection responses in multi-GCM driven CORDEX RCMs over Eastern Africa
1 3
3.4  Circulation anomalies
Composite analysis is used to assess the ability of the 
models to represent key regional anomalous atmospheric 
circulation patterns associated with ENSO and IOD vari-
ability. ENSO and IOD years are identified from each 
CGCM and observation, by calculating the Oceanic Niño 
Index (ONI) and Dipole Mode Index (DMI), respectively.
Fig. 6  a Taylor diagrams for the standardized amplitude and spa-
tial correlation of precipitation teleconnections in NEA during JJAS 
against NINO3.4 (top left), NEA during JJAS against TADI (top 
right), EEA during OND against NINO3.4 (lower left) and SEA 
during OND against NINO3.4 (bottom right). On the Taylor dia-
grams, angular axes show spatial correlations between modeled and 
observed teleconnections; radial axes show spatial standard devia-
tion (root-mean-square deviation) of the teleconnection signals in 
each area, normalized against that of the observations. Circles are for 
GCMs, triangles are for RCA and diamonds for CCLM model. b Tay-
lor diagrams for the standardized amplitude and spatial correlation 
of OND rainfall teleconnections in EEA against IOD (top left), EEA 
against CIOD (top right), SEA against IOD (lower left) and SEA 
against CIOD (lower right). On the Taylor diagrams, angular axes 
show spatial correlations between modeled and observed teleconnec-
tions; radial axes show spatial standard deviation (root-mean-square 
deviation) of the teleconnection signals in each area, normalized 
against that of the observations. Circles are for GCMs, triangles are 
for RCA and diamonds for CCLM model
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To identify the ENSO years, we follow an approach sim-
ilar to da Rocha et al. (2014). The ONI based on the SST 
anomaly in Niño3.4 region (120°–170°W and 5°S–5°N) is 
used to identify El Niño and La Niña years. Here the anom-
aly is calculated relative to a climatological seasonal cycle 
based on the years 1982–2005. A given year is defined as 
El Niño or La Niña year when ONI value is higher (lower) 
than a positive (negative) threshold for at least five con-
secutive overlapping seasons, defined as the average of 
three consecutive months of that year. The NOAA Cli-
mate Prediction Center (CPC) uses a threshold of ±0.5 °C,
while here, similar to da Rocha et al. (2014), the CGCM 
thresholds are based on their respective ONI standard 
deviation (Sd). The reason is that some models might show 
excessive number of El Niño and La Niña years due to the 
high Sd in Niño3.4 region if a ±0.5 °C threshold is used.
The CGCMs’ thresholds for El Niño and La Niña are 
defined by the following criteria:
Ti is the threshold of the ith CGCMSdi is the ONI Sd of the 
ith CGCMC is a constant (or fixed value) = 0.47, which is
the ratio between a threshold used by CPC (±0.5) and ONI
Sd from NOAA for the period of 1982–2005 (1.07).
Ti = Sdi ∗ C
Fig. 6  continued
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A similar approach is used to identify the IOD years. 
IOD years are identified using the DMI (Saji et al. 1999), 
which is calculated as the SST anomaly difference between 
the western equatorial Indian Ocean (50°–70°E and 
10°S–10°N) and south-eastern equatorial Indian Ocean 
(90°–110°E and 10°–0°S). Like ONI, this index oscil-
lates between positive and negative values. A given year is 
defined as positive IOD or negative IOD year when DMI 
index is higher (lower) than a positive (negative) threshold 
for at least three consecutive overlapping seasons including 
OND, defined as the average of three consecutive months 
of that year. Note that for IOD we used 3 consecutive 
seasons including OND, since an IOD usually starts in 
May or June, peaks between August and November and 
then rapidly decays. For observation, a threshold ±0.5 °C
is used to identify positive IOD and negative IOD years, 
while for CGCMs (similar to the ENSO) the thresholds are 
based the their respective Sd of DMI. Number of ENSO 
and IOD years for an observation dataset (NOAA_OI_
SST_V2) and each CGCM and the corresponding standard 
deviation (SD) of ONI and DMI indices are presented in 
Table 2.
The rainfall anomalies over the region associated with 
ENSO and IOD from composite analysis are similar to 
Fig. 7  Taylor diagram quantifying the correspondence between the simulated and observed area-averaged annual cycle of rainfall in each homo-
geneous rainfall sub-regions. Circles are for GCMs, triangles are for RCA and diamonds for CCLM model
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those obtained using regression analysis (Fig. 5), so our 
subsequent analyses will concentrate only on circulation 
anomalies associated with ENSO and IOD. Moreover, the 
climatological pattern of SLP and 850 hPa wind over east-
ern Africa for JJAS and OND are discussed in part I of our 
paper (see Endris et al. 2013). Figure 8a shows the El Niño 
anomalies of SLP and 850 hPa wind vectors for RCMs and 
their driving CGCMs in comparison with ERA-Interim 
reanalysis. ERA-Interim (our reference data in this case) 
shows strong positive SLP anomalies over the Arabian Pen-
insula. The positive SLP anomalies over Arabian Peninsula 
reflect the weakening of the monsoon through during El 
Niño. As Diro et al. (2011b) described, the weakening of 
monsoon trough over Arabian Peninsula might reduce the 
east–west pressure gradient, and consequently reduce the 
westerly winds from Atlantic/Congo, and leads to reduc-
tion of rainfall over the northern part of the region during 
JJAS. It also become evident that there is a reduction of the 
Somali Low Level Jets (SLLJ) diverging out of the Mas-
carene high, and the strength of westerly winds from the 
South Atlantic high, which are the main sources of mois-
ture over the northern part of the domain during JJAS. The 
reduction of these winds is manifested by the presence of 
north-easterly wind anomaly vectors off the coast of East 
Africa, and easterly wind anomaly vectors over western 
part of Eastern Africa. In contrast, during La Niña (figure 
not shown) most part of the study region is dominated by 
negative SLP anomalies particularly with deepening of 
the trough over the Arabian Peninsula. The deeper mon-
soon trough over the Arabian area is strongly associated 
with greater rainfall over the eastern Africa during JJAS. In 
addition, there are anomalies of strong westerly wind vec-
tors as result of SLP intensification over the Atlantic basin, 
and south-easterly wind vectors as a result of SLP inten-
sification over the Indian Ocean, which produce abundant 
rainfall over the region. These finds are consistent with 
findings of other studies such as Segele and Lamb (2005), 
Segele et al. (2009a, b), Diro et al. (2011b).
Some models represent the intensity as well as the spa-
tial pattern of circulation anomalies associated with El 
Niño and La Niña; particularly the ERA-Interim driven 
RCMs, Ensemble mean, HadGEM2-ES and its corre-
sponding downscaled results. Consistent with the rainfall 
results shown in Fig. 5, the two RCMs driven by CNRM-
CM5 show opposite anomaly circulation patterns in com-
parison with the reanalysis. These models show negative 
SLP anomalies over east coast of Africa and zero SLP 
anomalies over the Arabian Peninsula (Fig. 8a). They also 
show an easterly and south-easterly wind vector anoma-
lies, opposite to the reanalysis. Even though these patterns 
were not observed in the forcing CGCM (CNRM-CM5), 
analysis of the CNRM-CM5 model patterns over the large 
domain (15°W–120°E and 35°S–35°N) showed strong neg-
ative (positive) SLP anomalies during El Niño (La Niña) 
over the northern part of Africa (over Algeria, Tunisia and 
Libya), which has not been observed in the reanalysis. We 
expect that this wrong signal in the driving CGCM might 
be transferred to the RCMs, which leads the RCMs to 
generate a wrong anomalous circulation patterns over the 
domain. MPI-ESM-LR and its corresponding downscaled 
results show more intense SLP and wind field anomalies 
than ERA-Interim over the Arabian area extended down to 
western part of the Indian Ocean, while EC-EARTH model 
shows strong positive anomalies of SLP over western part 
of the Indian Ocean rather than over the Arabian Peninsula. 
The anomalous troughs over south Sudan represented by 
NorESM1-M, RCA (MIROC5) and RCA (NorESM1-M) 
are not seen in the reanalysis.
During OND, interannual rainfall variability over Eastern 
Africa is linked to both ENSO and IOD (Fig. 5b, c; Clark 
et al. 2003; Hasternrath 2007; Bahaga et al. 2015 and oth-
ers). In general, the southern and equatorial part of Eastern 
Africa receives above normal rainfall during El Niño and 
positive IOD, and below normal during La Niña and nega-
tive IOD. To highlight the underlining mechanisms link-
ing the ENSO and IOD with Eastern African rainfall, and 
also to evaluate the ability of the models to reproduce the 
anomalous circulation patterns, the composite SLP and 850 
wind fields are analyzed. The regional patterns for La Niña 
(negative IOD) are generally opposite-signed anomalies to 
Table 2  Number of ENSO 
(El Niño and La Niña) and 
IOD (Positive IOD and 
Negative IOD) years, and 
the corresponding standard 
deviations (Sd) in the 1982–
2005 period
Obs and CGCMs ONI Sd El Niño La Niña DMI Sd +ve IOD −ve IOD
NOAA_OI_SST_V2 1.07 8 6 0.62 4 7
CNRM-CM5 0.98 9 7 0.62 8 8
EC-EARTH 0.72 6 7 0.45 5 9
HadGEM2-ES 0.87 8 6 0.58 8 6
MPI-ESM-LR 1.27 5 6 0.65 3 5
CanESM2 1.13 6 8 0.49 7 8
GFDL-ESM2M 1.66 5 8 0.76 5 7
MIROC5 1.42 7 7 0.63 4 8
NorESM1-M 0.88 7 9 0.57 6 7
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El Niño (positive IOD), thus our analysis will concentrate 
only on anomalous circulation patterns associated with El 
Niño and positive IOD events. Figure 8b shows the SLP and 
850 hPa wind vector anomalies associated with El Niño. 
Positive surface pressure anomalies are observed over the 
western part of Eastern Africa, and negative surface pres-
sure anomalies are observed over the south-western part 
of the Indian Ocean. Moreover, westerly wind anomalies 
observed over the western part of the domain, and east-
erly anomalies over the western equatorial Indian Ocean. 
Kijazi and Reason (2005) link the wet conditions during El 
Niño events to easterly anomalies over the western equa-
torial Indian Ocean, while other studies (e.g. Latif et al. 
1999; Black et al. 2003) have proposed that the relationship 
Fig. 8  a JJAS El Nino anomalies of SLP (shaded in hPa) and 850 hPa winds (vectors in m/s). b OND El Nino anomalies of SLP (shaded in 
hPa) and 850 hPa winds (vectors in m/s). c OND positive IOD anomalies of SLP (shaded in hPa) and 850 hPa winds (vectors in m/s)
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between East African rainfall and ENSO as the result of an 
indirect forcing by ENSO on the Indian Ocean. Some of the 
models are able reproduce the observed anomaly circulation 
patterns. However, consistent with the rainfall anomalies in 
Fig. 5b, EC-EARTH, CanESM2, MIROC5 and their cor-
responding downscaled results fail to represent the nega-
tive SLP anomalies over the western tropical Indian Ocean. 
The models GFDL-ESM2M and NorESM1-M and their 
corresponding downscaled results show more intense east-
erly wind anomalies towards Eastern Africa. Overall, there 
is a clear effect of the CGCM-supplied boundary conditions 
in simulating the local anomalous circulation patterns, and 
the error from boundary conditions can be summarized as 
the “garbage in/garbage out problem”.
During positive IOD, there are positive SLP anomalies 
over the west of Eastern Africa and negative anomalies over 
Fig. 8  continued
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the western part of the Indian Ocean (see Fig. 8c). The nega-
tive SLP anomalies are associated with the warming of the 
western part of the Ocean during its positive phase. Consist-
ent with the surface pressure response, there are westerly 
850 hPa wind anomalies over west of Eastern Africa, and 
strong easterly anomalies (associated with the cold SST over 
eastern tropical Indian Ocean) off the east coast of Soma-
lia. These two anomalies converge along the equator and 
generate north-westerly wind anomalies moving towards the 
south-east Indian Ocean. Even though the positive (nega-
tive) IOD events are linked with above (below) normal rain-
fall over equatorial and southern part of eastern Africa dur-
ing OND, the mechanisms for this teleconnection (response 
of rainfall to anomalous circulation) are not quite clear yet. 
Ummenhofer et al. (2009) suggested that a reduction in sea 
level pressure over the western half of the Indian Ocean and 
Fig. 8  continued
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converging wind anomalies over Eastern Africa lead to mois-
ture convergence and increase convective activity over the 
region during its positive phase. However, Begeha (2014) 
emphasizes the role of the westerly flows from Congo air 
mass and the Atlantic region as the main moisture sources 
for the increase on rainfall over the region. We focus on the 
ability of the models in reproducing the observed anomalous 
circulation features. It appears that most models capture the 
observed broad-scale anomalous circulation characteristics 
associated with a positive IOD using ERA-Interim as refer-
ence, though some models exhibit some variations from the 
patterns observed. Particularly, CanESM2, MIROC5 and 
NorESM2-M again misrepresent the negative SLP anoma-
lies associated with warm SST over western tropical Indian 
Ocean. We argue that this significant short-coming from 
these CGCMs suggests strongly that these three models are 
unable to represent the potential implications of circulation 
pattern change in Eastern Africa.
4  Summary and conclusions
Climate variability is an important aspect of regional cli-
mate so assessing the ability of climate models to simulate 
the natural climate variability of a region is an essential 
task of evaluating these models. An important component/
driver of climate variability over many regions of the world 
is the SST-rainfall teleconnection. This study examines the 
ability of two CORDEX RCMs and their driving CGCMs 
to capture SST-rainfall teleconnection patterns over East-
ern Africa. The regional models used in the study are RCA 
driven by eight CGCMs and CCLM driven by four of com-
mon CGCMs. The reanalysis-driven simulations from the 
two RCMs are also analyzed to estimate error produced by 
the RCMs and those transmitted from driving CGCMs. We 
conduct the assessment over three homogeneous rainfall 
sub-regions, which cover most of Eastern Africa, namely: 
NEA, EEA and SEA. The analysis period is from 1982 to 
2005, which is the period that observed data are available.
Spearman’s rank correlation, linear regression and 
composite analysis were used to examine the teleconnec-
tions patterns. The Spearman’s rank correlation is used 
to identify oceanic regions that have a robust relationship 
with regional rainfall, and also to assess the models’ abil-
ity to simulate the spatial pattern of the teleconnection pat-
terns. Linear regression is applied to evaluate the ability 
of models to simulate both the patterns and the amplitude 
of rainfall teleconnections over the region against differ-
ent SST indices in Oceanic regions that have strong cor-
relations with Eastern African rainfall. Composite analysis 
was employed to assess the models’ ability to represent the 
anomalous circulation patterns associated with the domi-
nant modes affecting the rainfall over the region.
The results show that some models reproduce the 
observed teleconnective SST-rainfall patterns (spatial pat-
terns and amplitudes) better than others. The downscaled 
RCM-reanalysis runs are in better agreement with obser-
vation than RCM–CGCM runs in most of the examined 
sub-regions and seasons. Generally, RCMs driven by MPI-
ESM-LR, HadGEM2-ES and GFDL-ESM2M performed 
better than RCMs driven by other CGCMs. CanESM2 
and MIROC5, and their corresponding downscaled results 
capture the teleconnections in most of the sub-regions and 
seasons poorly. CGCMs generally underestimate the ampli-
tude of teleconnection patterns while RCMs tend to over-
estimate it. The overestimation of amplitude by the RCMs 
is likely because of enhanced precipitation due to a better-
resolved topography. It is also demonstrated that both the 
CGCMs and corresponding downscaled results exhibit a 
similar teleconnection pattern over regions where the rain-
fall is primarily controlled by large-scale features, with 
the RCMs maintaining the overall regional patterns from 
the forcing models. Differences in RCM simulations from 
corresponding driving simulations are noted mainly over 
northern part of the domain which is most likely related to 
mesoscale processes that are not resolved by CGCMs.
The models’ performance in reproducing the large-scale 
anomalies in SLP and low-level winds are consistent with 
their performance at representing the rainfall anomalies. 
The ERA-Interim driven simulations produce a more real-
istic representation in the magnitude of these fields. Con-
sistent with the rainfall anomalies, CanESM2 and MIROC5 
and their corresponding downscaled results fail to represent 
anomalous circulation patterns associated with ENSO and 
IOD in most of the examined regions and seasons. So we 
suggest that it’s not only the parameterizations in the RCMs 
that are the cause of the errors in the downscaled rainfall 
fields, the driving circulation states were not captured, as 
CGCM-derived boundary conditions were incorrect. We 
would also like to note that the simulation domain is much 
bigger than the study region giving the RCMs gives a lot of 
freedom to develop its own climate. Despite this the RCMs 
cannot improve on the CGCM results over the region if the 
CGCM boundary conditions are poor.
In conclusion, the results of this study demonstrate that 
differences in reproducing SST-rainfall teleconnection 
patterns arise mainly from the driving CGCMs. In other 
words, the relative contribution of teleconnection errors 
from boundary forcing is bigger than the choice of RCM or 
RCM configuration, implying that the choice of the forcing 
CGCM is more important than the choice of the RCM for 
the regional application. We suggest that more work should 
be targeted towards improving the boundary forcing given 
to the RCMs. We further suggest that the analysis pre-
sented here is helpful in selecting the appropriate models 
for regional applications over the Eastern Africa region. In 
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future work, we aim to investigate whether the current tel-
econnection patterns between the large scale climate modes 
(ENSO and IOD) and rainfall over Eastern Africa will per-
sist in the future under anthropogenic climate change.
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4
Assessment of future projections
The previous two papers present the results of RCM downscaling over Eastern Africa in the
historical period when driven by “perfect” reanalysis data and “imperfect” CGCM data at the
boundaries. Particular emphases have been given to examine the propagation of large-scale
teleconnection controls from the reanalysis or CGCM across the boundary and into the domain
of the RCMs. Results shown that RCMs adequately simulate the main features of the rainfall
climatology over the region and also able to reproduce the observed teleconnective SST-rainfall
patterns. It was demonstrated that errors in sea-surface temperature and lateral boundary
conditions from the CGCMs are the primary reason for poor reproduction of the regional tele-
connection rainfall patterns by the RCMs. In this part, the climate change projections for the
twenty-first century under the RCP4.5 and RCP8.5 emission scenarios are presented. The two
RCM simulations (RCA driven by 8 CGCMs, and CCLM driven by 4 of the common CGCMs)
and the corresponding CGCM simulations that were analyzed in the historical period are used to
investigate the changes in teleconnection patterns in projection of the future climate. The period
1976 - 2005 is considered as reference for present climate while projected analysis is performed for
far future (2070 - 2099). The results suggest two important projected changes in teleconnection
signals in the future that have impact on regional East African rainfall. Over eastern part of the
domain (Eastern horn of Africa), the ENSO/IOD related rainfall anomaly is stronger, whereas
over the southern part of the regions the ENSO/IOD signal is weaker compared to the present
climate.
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Abstract
El Nin˜o Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD) are the two dominant
modes of climate variability over the tropics controlling the eastern Africa rainfall at inter-annual
time scales. Therefore, investigating the future changes in regional rainfall patterns associated
with ENSO and IOD is of great importance for the region. This study examines the projected
changes in the characteristics of ENSO and IOD (mean state, intensity and frequency), and the
associated rainfall anomalies over eastern Africa. Two regional climate models (RCA, nested
in 8 Coupled Global Climate Models, and CCLM, nested in 4 of the common CGCMs) and
the corresponding CGCM simulations are used to investigate the changes in teleconnection
patterns in projection of the future climate. The period 1976-2005 is considered as reference for
present climate, and projected analysis is performed for the far-future climate (2070-2099) on
two-concentration pathways (RCP4.5 and RCP8.5).
Analyses of projections based on CGCMs indicate an El Nin˜o-like (positive IOD-like) warming
pattern over the tropical Pacific (Indian) Ocean. However, large uncertainties remain in pro-
jecting future changes in ENSO/IOD frequency and intensity. Some models show increase of
ENSO/IOD frequency and intensity, but others show a decrease or even no/small change. An in-
crease of OND mean rainfall over Eastern horn of Africa is projected under both RCPs (RCP4.5
and RCP8.5), which might be linked with a faster warming rate in the western parts of the In-
dian Ocean. During ENSO and IOD years, we find two important changes in the teleconnection
signals in future; 1) over eastern part of the domain (Eastern horn of Africa), the ENSO/IOD
related rainfall anomaly is stronger compared to the present, and 2) over the southern part of
the regions the ENSO/IOD signal is weak. This signal is consistent in all global and regional
model simulations.
Key words: CORDEX, CMIP5, Teleconnections, Eastern Africa, Rainfall, RCM
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1 Introduction
This is the part of a series of three papers investigating Eastern African climate using data from
the COordinated Regional climate Downscaling EXperiment (CORDEX) and analyze the projec-
tions of twenty-first-century climate under two representative concentration pathways. The first
work (Endris et al., 2013) evaluated the ability of 10 Regional Climate Models (RCMs) driven
by reanalysis data in simulating the characteristics of rainfall patterns over eastern Africa. The
study showed that most RCMs reasonably simulate the main features of the rainfall climatol-
ogy over the region, and in most of the areas and time periods, the multimodel ensemble mean
outperforms the results of individual models, even the forcing ERA-Interim. The second work
(Endris et al., 2015) examined the ability of two RCMs, with lateral and surface boundary
conditions from Global Climate Models (GCMs) participating to the phase 5 Coupled Model
Intercomparison Project (CMIP5), to propagate the teleconnective forcing of tropical sea surface
temperatures (SSTs) on rainfall over East Africa. The study showed that RCMs are capable of
reproducing the observed teleconnective SST-rainfall patterns. It also demonstrated that most
errors in simulating the regional teleconnection patterns arise mainly from the driving GCMs.
In this analysis we have used the same models that were used in Endris et al. (2015) to
look at the projected changes in rainfall associated with El Nin˜o Southern Oscillation (ENSO)
and Indian Ocean Dipole (IOD). These are the dominant modes of climate variability over the
tropics that control the eastern Africa rainfall at inter-annual time scales.
As a result of increased greenhouse gas concentrations, climate process behaviors and asso-
ciations are understood to be potentially non-stationary and as a consequence it is possible that
ENSO/IOD characteristics could change overtime. Several studies have examined the future
state of the tropical Oceans and the associated teleconnections under warming scenarios. There
is a general agreement that the mean state in tropical Pacific will shift towards a permanent El
Nin˜o-like state, meaning greater surface warming over central and eastern equatorial Pacific than
western Pacific, with a corresponding mean eastward shift of precipitation (IPCC, 2007; Mu¨ller
and Roeckner, 2008; IPCC, 2013). However, considerable disagreements remain in the model-
projected changes in ENSO characteristics particularly in amplitudes and frequencies. Using the
National Center for Atmospheric Research Community Climate System Model (CCSM; version
1.4), Zelle et al. (2005) looked at the changes in ENSO pattern due to an increase in greenhouse
gases. They found that there were no significant changes in ENSO amplitude, period and spatial
patterns in future. Merryfield (2006) using 15 CGCMs gathered for the IPCC Fourth Assess-
ment Report (AR4) showed a decrease of El Nin˜o amplitude in some models, but an increase or
little change in others models. Collins et al. (2010) further suggested that it is not yet possible
to say whether ENSO activity will be enhanced or damped (or whether the frequency of events
will change), despite considerable progress in the understanding of the impact of climate change
on many of the processes that contribute to El Nin˜o variability. Recently, Cai et al. (2014a)
suggested evidence for a doubling in the occurrences of extreme El Nin˜o events in the future in
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response to greenhouse warming by aggregating results from CMIP3 and CMIP5 multi-model
datasets. The study stated that the increased frequency in extreme El Nin˜o events arises from a
projected sea surface temperature warming over the eastern equatorial Pacific that occurs faster
than in the surrounding Ocean waters, facilitating more occurrences of atmospheric convection
in the eastern equatorial region.
In terms of changes in tropical Indian Ocean, some studies have shown that greenhouse-
warming leads to a mean state change in the equatorial Indian Ocean with an easterly wind
trend and a faster warming rate in the western parts of the Ocean without a noticeable change
in overall frequency or amplitude of IOD events (Vecchi and Soden, 2007; Zheng et al., 2013;
Cai et al., 2013). However, Cai et al. (2014b) used a suite of distinct process-based indicators to
show a significant increase in the frequency of the extreme positive IOD events under greenhouse
warming. The study reported that a mean state change with weakening of both equatorial
westerly winds and eastward ocean currents in association with a faster warming in western
than the eastern equatorial Indian Ocean facilitates more frequent occurrences of wind and
Oceanic current reversal.
The reason for the lack of consensus in future changes ENSO/IOD characteristics is not clear
whether it is due to model deficiencies or that the changes to ENSO/IOD characteristics will
likely be small (Steinho↵ et al., 2015). However, even without significant changes in ENSO/IOD
characteristics (i.e. intensity and frequency), the long-term trend in tropical SST (change in the
mean state) and the associated changes in the mid-latitude basic state (e.g., convergence zones,
mid-latitude jets, storm tracks, etc.) may result in substantial changes in ENSO/IOD-related
teleconnections (Meehl et al., 2006; Meehl and Teng, 2007; Lau et al., 2008; Kug et al., 2010;
Stevenson et al., 2012; IPCC, 2013). This means if teleconnective forcings associated with ENSO
and IOD change, even if ENSO and IOD characteristics do not, rainfall characteristics are likely
to change in regions with strong ENSO/IOD responses. Investigating the future changes in
regional rainfall patterns associated with ENSO and IOD is therefore crucial in understanding
the region changing vulnerability to extreme climate. This will likely help to build appropriate
risk management and adaptation strategies for the region. This is particularly crucial for the
Eastern Africa region because the economy of the region is highly dependent on agro-based
activities such as farming and livestock, which are sensitive to the fluctuations of rainfall.
The main aim of this study is to examine projected changes in the characteristics of ENSO
and IOD (such as the mean state, intensity and frequency), and identify whether the current
rainfall anomalies associated with ENSO and IOD are projected to change in the twenty-first
century. Simulations from two RCMs driven by multiple CGCMs and the corresponding CGCMs
are analyzed to quantify the change in teleconnection patterns under two representative concen-
tration pathways (RCP4.5 and RCP8.5).
Section 2 provides a brief introduction to CORDEX and CMIP5 models as well as the primary
climate change experiments (RCP4.5 and RCP8.5). The main results are presented in section
3. Summary and conclusions are presented in section 4.
2
2 Data and methodology
2.1 Models and experiments
We have used monthly output of two RCMs in the on-going CORDEX project. The two RCMs
are the Rossby Center regional atmospheric model (RCA4) and the COnsortium for Small-
scale MOdeling (COSMO) Regional Climate Limited-area Modelling (COSMO-CLM or CCLM).
Choices of the models were based on the availability of the model outputs at the time of the
analysis. RCA was driven using eight CMIP5 CGCMs (CNRM-CM5, EC-EARTH, HadGEM2-
ES, MPI-ESM-LR, CanESM2, GFDL-ESM2M, MIROC5, NorESM1-M), whereas CCLM was
driven using four of common CGCMs (CNRM-CM5, EC-EARTH, HadGEM2-ES, and MPI-
ESM-LR). Details of the driving CGCMs and their resolution have been described in the previous
paper (Endris et al., 2015).
The two models were integrated in CORDEX-Africa domain [see Nikulin et al. (2012) and
Endris et al. (2013)] with a horizontal grid spacing of 0.44 degrees. The historical simulations,
covering the period 1950-2005, are forced by observed natural and anthropogenic atmospheric
composition changes. Twenty-first century simulations (2006-2100) are forced by Representative
Concentration Pathways (RCPs), which are based on radiative forcings (globally radiative energy
imbalance) measured in Wm 2 by the year 2100 (Moss et al., 2010). For CORDEX-Africa
projections, two RCPs are applied, namely, RCP4.5 and RCP8.5. RCP4.5 is a medium level
concentration pathway that stabilizes radiative forcing at 4.5 Wm 2 by 2100 without exceeding
this value. The RCP8.5 experiment represents a high concentration pathway in which radiative
forcing reaches 8.5 Wm 2 by 2100, and then continues to rise thereafter (Meinshausen et al.,
2011). In terms of CO2 concentration, RCP4.5 and RCP8.5 are roughly corresponding to the
B1 and A1B scenarios used in the IPCC AR4, respectively (IPCC, 2007).
In this analysis, the period 1976-2005 is considered as reference for present climate while pro-
jected analysis is performed for far future (2070-2099). As mentioned, the historical performance
of the models was reported in Endris et al. (2015), and therefore it is not presented here. How-
ever, there was no su cient discussion on the characteristics of ENSO and IOD events in Endris
et al. (2015), therefore, adequate discussion about the models performance in reproducing the
frequency and intensity of ENSO and IOD events has been presented in this analysis. Note that
the observed Oceanic Nin˜o index (ONI) and Dipole Mode Index (DMI) indices in this analysis
are calculated using the Extended Reconstructed Sea Surface Temperature-ERSST.v3b (Smith
et al., 2008). Our analysis focuses on two seasonal time periods that are important for rainfall
over the region, the JJAS and OND seasons. JJAS is the main rainfall season for the northern
part of Eastern Africa (NEA), and OND for the equatorial part of Eastern Africa (EEA) and
Southern part of Eastern Africa (SEA).
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2.2 Methodology
Linear regression and composite analysis are applied to evaluate the changes in teleconnection
patterns in projection of the future climate. It is known that linear regression is commonly used
to diagnose the relationship between SSTs and rainfall. Particularly it is important to examine
the amplitude of rainfall teleconnections as has been shown by Langenbrunner and Neelin (2013)
and Endris et al. (2015). One limitation of regression analysis, is that it assumes the response
to SST (e.g. ENSO) is linear. This means, that the anomalies in the El Nin˜o phase are depicted
as the opposite of those in the La Nin˜a phase. Compostie analysis is a useful alternative that
can diagnose the asymmetry or nonlinearty of rainfall response to SST anomalies.
In this study, statistics are calculated over thirty years periods, 1976-2005 for historical and
2070-2099 for future. Linear regression is applied to analyze the association of spatial and
amplitude of rainfall teleconnection with ENSO and IOD in historical and future periods. For
ENSO, Nin˜o3.4 index (Trenberth, 1997), an average of SST over 5oS-5oN and 170o-120oW, is
used to compute the teleconnections. For IOD, Dipole Mode Index (DMI) [Saji et al. (1999)]
is used, which is the di↵erence between the area average SST in the western equatorial Indian
Ocean (50o-70oE and 10oS-10oN) and southeastern equatorial Indian Ocean (90o-110oE and
10o-0oS).
Composite analysis is used to investigate the circulation mechanisms associated with the
positive and negative phases of ENSO and IOD, and also to confirm the results obtained from
regression analysis. The Oceanic Nin˜o Index (ONI) is used to identify El Nin˜o and La Nin˜a
events from the driving model SST fields. ONI is defined as the 3-month running mean SST
anomaly in Nin˜o 3.4 region. The NOAA Climate Prediction Center (CPC) uses a threshold of
±0.5 oC to define ENSO phases. A year is defined as El Nin˜o or La Nin˜a year when ONI value
is higher (lower) than +0.5 (-0.5) for at least five consecutive overlapping seasons, which is the
average of three consecutive months of that year. Note that the anomalies are calculated relative
to their climatological seasonal cycle based on the respective periods, historical (1976-2005) and
far future (2070-2099).
IOD years are identified using the DMI, which is calculated as the SST anomaly di↵erence
between the western equatorial Indian Ocean (50o-70oE and 10oS-10oN) and south-eastern equa-
torial Indian Ocean (90o-110oE and 10o-0oS). For observation and models, a threshold of ±0.5
oC is used to identify positive IOD and negative IOD years, respectively. A year is defined as
positive IOD (negative IOD) year when DMI index is higher (lower) than +0.5 (-0.5) for at least
three consecutive overlapping seasons, defined as the average of three consecutive months of that
year.
The 3-month running mean SST anomalies of ONI and DMI for observation and models for
the historical (1976-2005) and future (2070-2099) are presented in the supplementary material
(Fig S1). It is important to mention that the simulated ENSO and IOD events do not synchronize
with observed sequence of ENSO and IOD events since the models are free-running CGCMs.
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3 Results and Discussions
3.1 Projected changes in mean rainfall
It is important to assess the projected changes in mean rainfall over the region prior to the
analysis of changes in rainfall variability associated with ENSO and IOD. To this end we analyzed
the projected changes as simulated by the RCMs and the corresponding driving CGCMs in the
mean rainfall field, and present results from the ensemble means only in most of the analyses
for sake of clarity. For consistency, only the four common CGCMs were used to calculate the
ensemble means. Fig. 1 shows the JJAS (top panel) and OND (bottom panel) rainfall change
signal of the ensemble mean during the far future (2070-2099) for RCP4.5 and RCP8.5 relative
to the reference period (1976-2005) for the CGCMs and two RCMs. Although there is a general
similarity in rainfall pattern across the CGCM and RCM simulations, noticeable disagreements
exist. During JJAS, the CGCM and RCA runs project a weak positive rainfall change signal
over the central part of Ethiopia. However, this is not evident in the CCLM model, which shows
strong wet anomaly in the eastern horn of Africa. Both RCM ensembles project a dry anomaly
over the south-Sudan and western part of Ethiopia, whereas the CGCM show no signal. Another
notable feature is that the RCA model projects a wet anomaly around the Victoria Lake basin,
but this is not seen in the CCLM and driving CGCM simulations. All simulations agree in
a projected decrease of rainfall over the southern and southeastern part of the region. It is
important to note that JJAS is a dry season for southern and southeastern part of the region.
During OND (Fig. 1 bottom panel) the CGCM and RCA ensembles show a more pronounced
and widespread positive signal throughout the entire region. The CCLM model, however, shows
a negative signal over the northwestern and southern part of the domain. The existence of this
contradiction may be related to the physical parametrization in CCLM (i.e not related to the
resolution or the boundary forcing) as the coarse resolution CGCM has the same signal as the
RCA model. This contradiction feature between CCLM and forcing GCM is also noted in Dosio
and Panitz (2015). All the models agree on the projected increase in OND rainfall over eastern
horn of Africa region (Somalia, Djibouti, and eastern Ethiopia). The projected increase in OND
rainfall over the eastern horn of Africa is similar to other studies (Shongwe et al., 2011; IPCC,
2007) using CMIP3 GCMs, and (Otieno and Anyah, 2013; IPCC, 2013) using the latest CMIP5
models.
To further explore the uncertainty in the models’ results, rainfall changes are analyzed and
demonstrated for each individual models area-averaged for three homogeneous rainfall sub-
regions, namely, Northern East Africa (NEA), Equatorial East Africa and Southern East Africa
(SEA) [Fig. 2]. The selection of the regions has been discussed in Endris et al. (2015). There is
a general model agreement in projecting positive rainfall changes during OND over EEA (middle
panel). However, there are considerable di↵erences between the models over NEA during JJAS
(top panel) and SEA during OND (bottom panel). The CGCMs show both increases and de-
creases in rainfall under both RCPs with the amplitude of the change being greater in RCP8.5,
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Figure 1: Projected rainfall changes (%) over the region during JJAS (top panel) and OND
(bottom panel) under RCP4.5 and RCP8.5 as simulated by the ensemble mean of the RCMs
and driving GCMs. Each row corresponds to emission scenarios to each panel: RCP4.5 (first
row) and RCP8.5 (bottom).
a pattern that is also seen in the RCA4 results. The CCLM projects a drying in both regions
under both RCPs and here the di↵erence in magnitude of change in rainfall between RCPs is
larger in NEA under RCP8.5, but similar in SEA. The other interesting feature is that the results
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from the RCA4 model simulations follow the patterns of the results of their respective driving
GCM simulations.
Figure 2: Future changes in rainfall (%) from individual models in three homogeneous rain-
fall sub-regions. Over NEA during JJAS (top), EEA during OND (middle) and SEA during
OND (bottom). Refer Fig. 1 from Endris et al. (2015) for the three homogeneous rainfall sub-
regions.
In general, analysis of projected changes in the mean rainfall over the region indicates that
there is a decrease in rainfall over the northern part of the region during JJAS (though model
consistency is not locally high), and increase in rainfall over equatorial and southern part of the
region during OND, with the greatest changes in equatorial region. Results for the RCP4.5 and
RCP8.5 exhibit similar patterns, however the magnitudes of change are generally larger in the
RCP8.5.
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3.2 Projected changes in the characteristics of ENSO and IOD
Changes in the mean state
Fig. 3 illustrates the changes in annual mean SST between the future and the present climate
from the ensemble mean of the driving CGCMs. There is a clear SST warming pattern over the
whole tropics and an El Nin˜o-like pattern over tropical Pacific. A pIOD-like warming pattern over
Indian Ocean is also evident. This is consistent with other studies (e.g., Mu¨ller and Roeckner,
2008) that indicated greater surface warming over central and eastern equatorial Pacific than
western Pacific, and also greater surface warming over western part of Indian Ocean than the
surrounding Ocean. It is possible that the increase in rainfall over EEA during OND is linked
with the increase of SST over the western part of the Indian Ocean.
Figure 3: Di↵erence in mean SST (oC) between the future and reference period from the en-
semble of the forcing CGCMs (a) RCP4.5 and b (RCP8.5).
Changes in the frequency and intensity ENSO and IOD events
The frequency and intensity of ENSO and IOD events are analyzed for historical and future
periods. Fig. 4 presents the frequency and intensity of El Nin˜o, La Nin˜a, pIOD and nIOD events
for historical period as well as the projected changes (middle and bottom panels). Frequency is
calculated as the number of occurrence of ENSO and IOD events, computed from the 3-month
SST anomalies of ONI and DMI for historical (1976-2005) and far future (2070-2099). Thus,
the larger the number indicates the more active occurrence of ENSO/IOD events. To estimate
ENSO/IOD intensity, we computed the average of the maximum ONI (DMI) for all ENSO (IOD)
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events during 1976-2005 and 2070-2099 (similar to the definition used by Zhang et al. (2012)).
Larger absolute values represent stronger ENSO/IOD events. For the present climate (1976-
2005), 8 El Nin˜o events with an average intensity of 1.62 and 7 La Nin˜a events with an average
intensity of 1.52 are shown in the observation (ERSST.v3b). Only one GCM (NorESM1-M)
shows the same number of El Nin˜o as observed, but no other model shows the same number of
La Nin˜a as observed. The majority of models overestimate the frequency of El Nin˜o and La Nin˜a
events. GFDL-ESM2M, MIROC5, CNRM-CM5 and CaESM2 overestimate both the frequency
of El Nin˜o and La Nin˜a events, particularly GFDL-ESM2M and MIROC5. In particular, GFDL-
ESM2M simulates 15 La Nin˜a events in 30 years period, whereas the observation shows 7 La
Nin˜a events. On the other hand, EC-EARTH model underestimate both the frequency of El
Nin˜o and La Nin˜a events, with only one El Nin˜o event in 30 years. In terms of the intensity, most
models underestimate the intensity of El Nin˜o and La Nin˜a events. Only one model (CNRM-
CM5) reports the same intensity as observed. GFDL-ESM2M overestimates both intensity of El
Nin˜o and La Nin˜a.
For IOD, three pIOD events with average intensity of 0.89 and four nIOD events with average
intensity of 0.61 are reported in ERSST.v3b for the period of 1976-2005. It is worth to mention
that the number of pIOD and nIOD events identified in this analysis does not agree with the
one reported in Endris et al. (2015), which reported four pIOD and seven nIOD events for the
period of 1982-2005 using the NOAA Optimum Interpolation (OI) Sea Surface Temperature
(SST) V2 (NOAA OI SST V2) available at one degree resolution. The discrepancy is due to
the use of a di↵erent SST dataset. Taking ERSST.v3b as a reference, it appears that all the
models overestimate the frequency and intensity of pIOD and nIOD events, except HadGEM2-
ES, which shows the same intensity of pIOD as observed. Although, the two datasets disagree
in producing the frequency and intensity of IOD events, the frequencies and intensities of ENSO
events obtained from the two datasets are similar for the same period.
For the future climate (2070-2099), there is no clear indication that the frequencies and
intensities of ENSO and IOD will increase or decrease in this period. As is evident in Fig. 4,
some of the models project an increase of ENSO and IOD events, whilst others a decrease. In the
RCP8.5, all the models agree that there will be an increase in the frequency of El Nin˜o. Under
RCP4.5, five out of eight GCMs project an increase in frequency of El Nin˜o, and the rest shows
a decrease. Six (four) of out of eight GCMs under RCP4.5 (RCP8.5), show an increase in the
intensity of El Nin˜o events, while in the remaining models, there is a decrease in the intensity
of El Nin˜o. This is consistent with SST warming in eastern tropical Pacific, the GCMs project
more El Nin˜o events in the far future compared to the present. In the case of the IOD there is
no clear signal either in the frequency or intensity of IOD events both in RCP4.5 and RCP8.5
scenarios. Almost half of the models project an increase and half the models a decrease.
In general, the above analyses suggest that future changes in ENSO and IOD frequency
and intensity are model dependent, as it has been also reported by Stevenson et al. (2012) and
Steinho↵ et al. (2015). Despite the agreement in increase in the frequency of El Nin˜o in RCP8.5,
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Figure 4: Frequency of ENSO (top left), intensity of ENSO (top right), frequency of IOD (bot-
tom left) and intensity of IOD (bottom right) events in the present climate and changes in the
future relative to the present period.
there is no consensus among models on future changes to ENSO/IOD intensity and frequency.
3.3 Teleconnection patterns in present and future period associated
with ENSO and IOD
Rainfall patterns associated with ENSO and IOD
Endris et al. (2015) have examined the ability of regional and global models to reproduce his-
torical teleconnection patterns. In this analysis, we used the same GCMs and RCMs to analyses
the future teleconnection patterns. Results of the historical simulations are also assessed for the
purpose of interpretation future teleconnection patterns. Fig. 5 shows the rainfall teleconnection
for the JJAS season against Nin˜o3.4 index in the historical (1976-2005) and future (2070-2099)
periods as estimated by linear regression. The top row shows the results from observation, GCMs
and the corresponding downscaled ensemble means in the historical period. The second and third
rows represent the projected teleconnection in the RCP4.5 and RCP8.5 scenarios respectively.
In the present climate, negative coe cients are observed over the northern part of the domain
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Figure 5: JJAS teleconnections computed using linear regression against Nin˜o3.4 index for
historical and future periods. The first row indicates the historical teleconnection patterns
from observation, global ensemble mean, and corresponding downscaled regional ensemble
means. The second and third rows show the future teleconnection patterns in the RCP4.5 and
RCP8.5, scenarios. Units are mm/day/deg oC.
(top row), which demonstrates the association between tropical Pacific SST and summer (JJAS)
rainfall. Warm (cold) SSTs over the tropical Pacific Ocean leads to a dry (wet) summer in the
northern part of eastern Africa. Looking at the teleconnection patterns in the historical period
(Fig. 5, first row), both the global and regional ensembles correctly represent the negative
relationship between ENSO and rainfall over northern part of the region. On the basis of the
results from the historical run, we further examine teleconnection patterns under the future
climate scenario. The spatial pattern teleconnections in future period are similar to those of the
historical period (Fig. 5, second and third rows). The negative coe cients over the northern
part of the domain are still simulated by global and regional simulations. This suggests that the
spatial pattern of the teleconnections will persist under the global warming scenario. However,
the degree/magnitude of the relationship di↵er compared to the historical period. This will be
further discussed in the next section under changes in teleconnection patterns.
It is widely established that rainfall anomaly during short rain season (OND) is associated
with both ENSO and IOD (Hastenrath, 2007; Bahaga et al., 2015; Endris et al., 2015). As such,
our analysis assesses both influence of ENSO and IOD during OND season. Fig. 6 and 7 show
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Figure 6: OND teleconnections computed using linear regression against Nin˜o3.4 index. The
first row indicates the historical teleconnection patterns from observation, global ensemble
mean, and corresponding downscaled regional ensemble means. The second and third rows
show the future teleconnection patterns in the RCP4.5 and RCP8.5, scenarios. Units are
mm/day/deg oC.
the OND rainfall telconnection against Nin˜o3.4 and DMI for the historical and future periods,
respectively, in which Nin˜o3.4 is the measure strength or phase of ENSO and DMI is the measure
of the strength or phase of IOD. Both the positive phases of ENSO and IOD are associated with
above normal rainfall over the region. Conversely, the negative phases of ENSO and IOD are
associated with below normal rainfall. It is notable that IOD-rainfall teleconnection patterns
are more robust than the ENSO-rainfall teleconnection patterns, which is in agreement with
previous studies (e.g., Black, 2005; Behera et al., 2005; Bahaga et al., 2015). It can be seen that
both the global and regional simulations robustly reproduce the positive relationship between
the ENSO and IOD, and OND rainfall in the present climate. In future, the positive association
between ENSO/IOD and OND rainfall over the equatorial part of the Eastern Africa is preserved.
However, the positive association over the southern part of Eastern Africa is reversed to be
negative association. This feature is particularly noticeable in the regional ensemble means in
the RCP8.5 scenario.
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Figure 7: OND teleconnections computed using linear regression against DMI index. The first
row indicates the historical teleconnection patterns from observation, global ensemble mean,
and corresponding downscaled regional ensemble means. The second and third rows show the
future teleconnection patterns in the RCP4.5 and RCP8.5, scenarios. Units are mm/day/deg
oC.
Circulation patterns associated with ENSO and IOD
To understand the circulation mechanisms associated with the dry and wet years, composite
maps of di↵erent parameters for positive and negative ENSO/IOD events are analyzed. Di↵erent
studies have shown rainfall over Eastern Africa is strongly associated with low-level and upper
level winds. In particular, the low level winds are very important for low-level moisture advection
(Lyon et al., 2014). Also the surface pressure directly relates to the mass of air in a vertical
column above the surface and gives a measure of the total atmospheric mass distribution. For
this reason, we have analyzed the 850hPa wind and the air pressure at sea level (SLP).
Fig 8 shows the composite of JJAS sea level pressure and low-level wind (850hPa) anomalies
during El Nin˜o (top panel) and La Nin˜a (bottom panel) events from the Era-Interim reanalysis,
regional and global simulations for historical (first rows) and future periods (second and third
rows). The El Nin˜o and La Nin˜a composites of multimodel ensemble mean are created from the
composites of Individual models (i.e. the single model composite is firstly calculated). During
El Nin˜o years, strong positive SLP anomalies are observed over the domain, extending from the
Arabian Peninsula towards the Greater Horn of Africa. The presence of this positive anomaly
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Figure 8: JJAS El Nin˜o (top) and La Nin˜a (bottom) composite map of SLP (shaded in hPa)
and 850hPa wind (vectors in m/s) for historical and future periods.
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suggests the existence of anticyclonic activity (descending air) that leads to a reduction of rainfall
over the region. It is also indicative of a clear a reduction of westerly and southwesterly winds
from the south Atlantic high, and the Somali Low Level Jets (SLLJ) from the Mascarene high.
These are the main sources of moisture over the northern part of the domain during JJAS.
The reduction of these winds is demonstrated by the presence of easterly wind anomaly vectors
over western part of Eastern Africa and northeasterly wind anomaly vectors o↵ the coast of
East Africa. Conversely, the composite for La Nin˜a events show opposite patterns (i.e negative
SLP anomalies over the Arabian Peninsula extended down to the region), which reflects the
deepening of the monsoon trough over the Arabian Peninsula. The deeper monsoon trough over
the Arabian area is strongly associated with greater rainfall over the eastern Africa during JJAS
(Diro et al., 2011; Endris et al., 2015). During La Nin˜a an increase low-level Somali jets (LLSJ)
anomalies is clear. There is also a marked increase in the strength of westerly wind anomalies
from Gulf of Guinea and southwesterly wind anomalies from Congo rainforest basin, resulting
more moisture advected to the region. There is a fairly good agreement between the reanalysis,
and the regional and global ensemble means in reproducing the anomalous circulations patterns
associated with El Nin˜o and La Nin˜a events in the historical period. The anomalous circulation
patterns in the future are similar to the historical patterns (Fig. 8 second and third rows).
However, it appears that there is an intensification of the low-level Somali jets (LLSJ) and
westerly wind anomalies associated with La Nin˜a years in future, compared to the historical
pattern. In regional simulations, positive SLP anomalies are noted over western part of the
domain (Sudan and South Sudan), which are not present in the GCM simulation.
Composite anomalies of SLP and 850hPa wind associated with El Nin˜o and La Nin˜a during
OND are shown in Fig. 9. Results of this study show that during El Nin˜o positive surface
pressure anomalies are observed over the western part of the region, and negative surface pressure
anomalies are observed over the southwestern part of the Indian Ocean (Fig. 9, Era-Interim).
The two 850hpa wind anomalies, easterly from the equatorial Indian Ocean and westerly from
the Congo rainforest basin, converge at the eastern horn of Africa. The low-level convergence
leads to ascending motion and favors rainfall. The La Nin˜a composites, on the other hand, show
results that are opposite to the El Nin˜o counterparts, in which negative SLP anomalies observed
over most part of the domain. Also, during El Nin˜o, the easterly winds over the equatorial Indian
Ocean becomes weaker (even switched to westerlies) and reduces the rainfall over the region. In
the examination of the anomalous SLP and wind vectors associated with El Nin˜o and La Nin˜a
events over the region of study, results indicate that the models captures well the anomalous
patterns in the region. In future, models show a reduction in SLP anomalies particularly over
the southern part of the domain, and the reduction is stronger for RCP8.5. These features will
be discussed in the next section.
Composite anomalies of SLP and 850hPa wind associated with pIOD and nIOD in present
and future periods are presented in Fig. 10. As it is widely known, during pIOD, the western
Indian Ocean becomes unusually warm and the eastern equatorial Indian Ocean unusually cold.
15
Figure 9: OND El Nin˜o (top) and La Nin˜a (bottom) composite map of SLP (shaded in hPa)
and 850hPa wind (vectors in m/s) for historical and future periods.
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Figure 10: OND pIOD (top) and nIOD (bottom) composite map of SLP (shaded in hPa) and
850hPa wind (vectors in m/s) for historical and future periods.
17
-1 -0.7 - 0.4 -0.2 -0.1 0 0.1 0 .2 0.4 0.7 
A reduction in SLP as a result of warm SST anomaly over the western half of the Indian
Ocean and converging wind anomalies over East Africa (i.e convergence of westerly airflow
over central Africa and easterly onshore anomalies from the equatorial Indian Ocean) lead to
moisture convergence and increased convective activity over the region. Conversely, during nIOD
years, an anomalous anticyclonic circulation occurs over the western part of the Indian Ocean
with westerly wind anomalies. The anomalous anticyclonic combined with the westerlies reduce
the convective over the region. In present climate, it can be clearly seen that all simulations
reproduce the anomalous easterlies over the equatorial Indian Ocean that extends to Eastern
horn of Africa during pIOD. The models also reproduce the negative SLP anomalies over the
western part of the Indian Ocean and the positive SLP anomalies over the western part of the
domain during pIOD, although the simulated positive SLP anomalies over western part of the
domain are weaker than Era-Interim reanalysis. The anomalous circulation patterns associated
with nIOD events are also captured relatively well by the regional and global ensemble means
in comparison to the Era-Interim reanalysis.
In future projections, even though the general anomalous circulation patterns are similar to
those of the current decades, important changes are identified. One of the prominent changes is
a reduction of the SLP anomalies over the western part of the domain for both warm and cold
phases of IOD (Fig. 10). This reduction is more noticeable in RCP8.5 scenario. In RCP8.5,
the (current) positive SLP anomaly associated with warm phase of IOD over the western part
the domain is switched to negative anomaly. As a result, the easterly flow to extend far beyond
the East coast to central Africa (Fig. 10, top panel, 3rd row). These changes will be further
discussed in section 3.4.2. During cold phase of IOD for RCP8.5 (Fig. 10, bottom panel, 3rd
row), the positive SLP anomaly is absent in the GCM ensemble.
3.4 Future changes in teleconnection patterns associated with ENSO
and IOD
Changes in rainfall patterns associated with ENSO and IOD
In this section we explore the change in teleconnection patterns. Teleconnection changes are
computed based on the di↵erence in teleconnection patterns between the future (2070-2099) and
historical (1976-2005) period (i.e. taking their absolute values). By looking at the di↵erence in
teleconnection patterns, we can deduce the strength of the teleconnection. Figure 11 shows the
di↵erence of the JJAS rainfall teleconnection patterns obtained from regression analysis between
the future and historical experiments associated with ENSO. It can be seen that a positive
anomalies are dominating over the northern part of the domain. It means that the strength of
the teleconnection between ENSO and JJAS rainfall is expected to get stronger in the future (in
both RCP4.5 and RCP8.5 scenarios) compared to the present. We further investigate the future
changes in teleconnection patterns using the composite analysis to confirm the results and to
reveal some important information that was not shown by the regression analysis (Figure not
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shown). Like the regression analysis, the composite analysis shows an enhancement of ENSO and
summer rainfall relationship in future compared to the present period, however, this enhancement
is associated with La Nin˜a events only. The magnitude of rainfall anomalies associated with El
Nin˜o years is likely to be reduced in the future. This supports the idea of a non-linear, rather
than symmetrical, association between ENSO and Eastern Africa rainfall.
Figure 11: Di↵erences in JJAS teleconnection patterns resulted from regression coe cients
against Nin˜o3.4 index between future and historical period for the regional and global simula-
tions in the RCP4.5 and RCP8.5 scenarios. Units are mm/day oC.
Figure 12 shows the di↵erence in OND rainfall teleconnection patterns between the future
and historical experiments associated with ENSO. Results indicate that there is a dipole change
signal, i.e. a positive change over the eastern horn of Africa (Somalia, South-eastern part of
Ethiopia and eastern part of Kenya), and negative change over the southern parts of eastern
Africa (over most part Tanzania, Kenya and Uganda). This implies that the link between ENSO
and rainfall over eastern horn of Africa gets stronger in the future compared to the present
climate. Conversely, the link will get weaker over the southern part of the region. There are
however slight di↵erences in the magnitude teleconnection patterns between the GCM ensemble
and RCM ensembles. Positive change over the eastern horn of Africa is not visible in the GCM
ensemble, there are some spots of positive values but they dont coincide in RCP4.5 and RCP8.5.
In RCA4 ensemble negative signal is weak for RCP4.5 but getting stronger and emerging in
RCP8.5.
Both CGCM and RCMs ensembles means show a dipole change signal, i.e. a positive change
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Figure 12: Di↵erences in OND teleconnection patterns resulted from regression coe cients
against Nin˜o3.4 index between future and historical period for the regional and global simula-
tions in the RCP4.5 and RCP8.5 scenarios. Units are mm/day oC.
over the eastern horn of Africa (Somalia, South-eastern part of Ethiopia and eastern part of
Kenya), and negative change over the southern parts of eastern Africa (over most part Tanzania,
Kenya and Uganda).
The di↵erences in OND rainfall teleconnection patterns between the future and historical
experiments associated with IOD are presented in Fig. 13. The changes in teleconnection
patterns are similar to those of the ENSO patterns, despite the changes associated with IOD are
stronger compared to ENSO. Enhanced in IOD signal is identified over the East horn of Africa,
while a reduced signal is observed over the South Eastern part of the region.
We further performed a composite analysis associated with ENSO and IOD to verify the
results obtained from regression analysis. The results obtained from composite analysis are
consistent with results of the regression map. The strengthening (weakening) in relationship
between ENSO/IOD and OND rainfall over east horn of (south Eastern) Africa are still persisted
in composite results. It is expected these features might be linked to changes to the mean state,
or to a shift in the balance competing feedback processes. A thorough investigation of feedback
processes was not possible here; however, mean state metrics are presented in Fig. 3 indicate
an El Nin˜o-like (positive IOD-like) warming pattern over the tropical Pacific (Indian) Ocean.
Thus the enhanced in teleconnection over the East horn of Africa might be partly linked with
enhanced warming in the western part of the Indian Ocean, which also has a link with warming
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Figure 13: Di↵erences in OND teleconnection patterns resulted from regression coe cients
against DMI index between future and historical period for the regional and global simulations
in the RCP4.5 and RCP8.5 scenarios. Units are mm/day oC.
in the eastern part of the Pacific Ocean.
Changes in circulation patterns associated with ENSO and IOD
The di↵erence in circulation anomalies associated with ENSO and IOD are presented in this
section. As with rainfall, the di↵erence in SLP anomalies associated with ENSO and IOD be-
tween the future and historical period are computed by taking their absolute values. Composite
results associated with wet events (i.e. La Nin˜a composites for JJAS, and El Nin˜o and pIOD
composites for OND) are only shown here. Fig. 14 shows the di↵erence in SLP and 850hPa wind
anomalies associated with La Nin˜a between the future and the historical period. Consistent with
the rainfall increase, there is an intensification of the low-level Somali jets (LLSJ) and westerly
wind anomalies associated with La Nin˜a years in future compared to the historical pattern. This
is the likely driver of the increased rainfall anomalies associated with La Nin˜a events in future
compared to the historical period (see Fig. 11). It is also evident that the deeper the monsoon
trough over the Arabian Peninsula is associated with greater rainfall over the northern part of
the region during JJAS.
Fig. 15 shows the di↵erence in SLP and 850hPa wind anomalies associated with El Nin˜o
(top panel) and pIOD (bottom panel) between the future and the historical period. During El
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Figure 14: Di↵erences in JJAS SLP anomalies (shade in hPa) and 850 wind anomalies (vectors
in m/s) between future and current La Nin˜a years.
Nin˜o (Fig. 15 top panel), two anomalous airstreams, southeasterly and northeasterly anomaly
components, are noted over the Indian Ocean. We expect the dipole change in rainfall tele-
connection pattern might be partially linked with these two anomalous wind patterns. During
pIOD (Fig. 15 lower panel), the di↵erences in anomalous circulation patterns are not consistent
between the RCP4.5 and RCP8.5 scenarios. In RCP4.5, the easterlies from the equatorial Indian
Ocean become northeasterlies over the coast of Somalia, and later turned to northwesterly over
the southern part of the Indian Ocean. In contrast, in RCP8.5 the easterlies from equatorial
Indian Ocean extend to the southern part of Eastern Africa. It appears there is a reduction in
SLP anomaly over western part of the domain compared to present period. This might be linked
with greater warming rate of the western part of the Indian Ocean. A thorough investigation of
feedback processes is required to examine changes in circulation patterns.
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Figure 15: Di↵erences in OND SLP (shade in hPa) and 850 wind (vectors in m/s) anomalies
between future and current El Nin˜o (top panel) and pIOD (bottom panel) years.
4 Summary and conclusions
In this study an ensemble of regional and global simulations have been analyzed to investigate
whether the Eastern Africa rainfall characters associated with ENSO and IOD will change in
the late twenty-first century. Our analysis focuses on two rainfall seasons JJAS and OND. Two
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regional climate models (RCA and CCLM) and the corresponding CGCM simulations are used
to investigate the changes in teleconnection patterns in projection of the future climate under
two scenarios (RCP4.5 and RCP8.5).
For the present climate, both the regional and global ensemble means reproduce the observed
dry and wet teleconnection patterns associated with ENSO and IOD. For the future climate,
the spatial pattern of teleconnections between ENSO/IOD and rainfall still persist in regional
and global simulations. However, important changes in the strength of the teleconnection have
been identified. During JJAS, ENSO is important driver of rainfall variability, both regional and
global ensemble simulations show higher rainfall during La Nin˜a and lower rainfall during El Nin˜o
over the northern part of the region. During OND, the magnitude of the teleconnection pattern
associated with both the ENSO and IOD is enhanced over Eastern of horn Africa (Somalia,
Djibouti, and eastern part of Ethiopia and Kenya) and reduced over the southern part of Eastern
Africa (most part of Tanzania, Uganda, and western Kenya). The OND rainfall teleconnections
are stronger and also more consistent between the models and scenarios as compared to the
JJAS teleconnections.
The change in teleconnections could be attributed to changes in the amplitude and frequency
of the ENSO/IOD events themselves or changes to the mean state and mid-latitude atmospheric
circulation as a response to increase of greenhouse gases. Analyses of the change in characteristics
of ENSO and IOD events (frequency and intensity) based on driving CGCMs do not show
consistent patterns. Some models show increase while others show a decrease or no change.
Only in RCP8.5, all the models agree that the frequency of El Nin˜o events will increase, but
degree of change varies model to model. Changes in mean SSTs for the future over the tropical
Pacific and Indian Ocean show an El Nin˜o-like (positive IOD-like) warming pattern over the
tropical Pacific (Indian) Ocean. This is consistent with earlier studies Mu¨ller and Roeckner
(2008), Zheng et al. (2013) and Cai et al. (2013). We suggest high rainfall events over the
eastern horn of Africa attributable to ENSO and IOD phases are probably linked to a warmer
western region of the Indian Ocean in future compared to the present.
Assessment of the projected seasonal mean rainfall over the domain varies widely depending
on the sub-region and season. During JJAS season, rainfall changes are not very significant
in both RCP4.5 and RCP8.5 scenarios. However, during OND there is a significant agreement
in the models that there will be an increase of mean rainfall in equatorial part of the Eastern
Africa.
Generally, the results from this study provided important information about the future
changes in rainfall associated with ENSO and IOD over Eastern Africa, which have not been
addressed before. The study particularly has an important implication for water and agricultural
managers and policies in the region. Consideration of changes in both the mean and variabil-
ity of rainfall associated with ENSO and IOD is necessary to tackle the anticipated droughts
and floods associated anthropogenic climate change. The study also provides additional in-
sight/implication for seasonal forecasting in future, as there is still a strong reliance on empirical
24
relationships. However, the physical mechanisms responsible for the change in teleconnection
patterns in future are not well known. A further experimental analysis (thorough investigation of
feedback processes) is required to help and contribute towards in understanding of these physical
processes.
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5
Summary and concluding remarks
5.1 Summary of the results
In this study, the ability of coupled general circulation models (CGCMs) and regional climate
models (RCMs) to reproduce the teleconnection between tropical SST and rainfall over Eastern
Africa is examined.
The first step evaluated the ability of RCMs to reproduce the characteristics of Eastern Africa
rainfall when driven by perfect boundary conditions (reanalysis data) over the period 1990 - 2008.
The analysis considered 10 RCM (ARPEGE, CCLM, CRCM, HIRHAM, PRECIS, RACMO,
RCA, RegCM3, REMO and WRF) simulations forced by the European Centre for Medium-
Range Weather Forecasts (ECMWF) ERA-Interim re-analysis as perfect boundary conditions.
These simulations were evaluated for their ability to capture and characterize rainfall patterns
as well as their ability to reproduce the response to large-scale global signals over Eastern Africa
in comparison with di↵erent gridded observational datasets. The results show that the 10 RCMs
are able to capture the climatological seasonal mean rainfall distribution over the region, and
annual cycle of rainfall in di↵erent sub-regions with reasonable accuracy. The annual rainfall
cycle is better reproduced over uni-modal rainfall regimes (northern and southern part of the
region) than the bi-model rainfall regime. Some models fail to capture the correct peak of
the bimodal rainfall (OND peak in particular) over equatorial sector of the region. Over the
domain as a whole most RCMs showed excessive rainfall (wet bias). Results from the time series
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and composite analysis show that most of the models capture the regional rainfall anomalies
associated with ENSO and IOD in agreement with the observation. Moreover, some regional
climate models have out-performed the ERA-Interim rainfall in comparison to the reference
data (GPCC). It has been noted that the multi-model ensemble mean generally outperforms the
skill of individual models, likely because of the cancellation of opposite signed biases across the
models, and indicating the usefulness of multi-model assessments for past and future climate of
the region.
The second step in this study assessed the ability of CGCMs and RCMs forced by the
CGCMs at the boundaries to reproduce rainfall climate statistics over the region for the histor-
ical period (1982 - 2005) as well as investigate the propagation of teleconnection signals across
the boundary of the RCMs into the downscaled domain. In this analysis, two RCMs (RCA
driven by 8 CGCMs, and CCLM driven by 4 of the common CGCMs) and their driving CGCMs
were investigated for their capability to reproduce the observed relationships between large-scale
oceanic modes and regional seasonal rainfall. The reanalysis-driven simulations from the two
RCMs are also analyzed to estimate error produced by the RCMs and those transmitted from
driving CGCMs. The ERA-Interim driven downscaled results show better agreement with ob-
served spatial teleconnection patterns than the CGCM driven downscaled results. Analysis of
the CGCMs and corresponding downscaled results showed that in some cases both had simi-
lar teleconnection patterns, but in other cases the teleconnection patterns of RCM simulations
di↵er from the corresponding CGCM simulations. For example, the NorESM1-M model shows
positive correlation with eastern equatorial Pacific (which is opposite to the observed signal),
while the downscaled result RCA (NorESM1-M) reproduced well the observed patterns. Con-
versely, CNRM-CM5 captured the teleconnection with eastern equatorial Pacific Ocean, while
the RCMs degraded the signal, especially RCA model. CanESM2 and MIROC5 show negative
correlations with central Indian Ocean, with RCA (CanESM2) and RCA (MIROC5) producing
similar correlation patterns, which is not seen in the observation. It has been demonstrated that
similarities in SST-rainfall teleconnection patterns between the RCM simulations and respective
driving CGCM simulations are noted over the equatorial and southern part of the region during
OND season, where the rainfall is primarily controlled by large-scale (synoptic-scale) features,
with the RCMs maintaining the overall regional patterns from the forcing models. Di↵erences in
RCM simulations from corresponding driving simulations are noted mainly over northern part
of the domain during JJAS, which is most likely related to mesoscale processes that are not re-
solved by CGCMs. Some models (both CGCMs and the RCMs) simulated the sign and strength
of correlations of rainfall with SSTs. Overall, HadGEM2-ES, MPI-ESM-LR, GFDL-ESM2M
CGCMs and the multi-model ensemble mean captured the pattern correlation better than any
other models, while CanESM2 and MIROC5 performed poorly.
Analysis of the ability of individual models to simulate the amplitude of rainfall telecon-
nections have shown that that the CGCMs underestimate the amplitude of the teleconnection,
while the RCMs overestimate it in most of the sub-regions against the di↵erent indices. The
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high amplitude of teleconnection in the RCM simulations might be primarily a better capture
of precipitation, enhanced by a better-resolved topography. On the other hand, the low am-
plitude of teleconnection in CGCMs may be associated with a poorly resolved topography and
other small-scale features due to coarse resolution. Composite analyses of large-scale fields (SLP
and wind field) indicate that the models performance in reproducing the anomalies in SLP and
low- level winds are consistent with their performance at representing the rainfall anomalies.
The ERA-Interim driven downscalings produce a more realistic representation in the magnitude
of circulation anomalies. This suggest that it is not only the parameterizations in the RCMs
that are the cause of the errors in the downscaled CGCM rainfall fields, but that the driving
circulation states were not captured as the CGCM-derived boundary conditions were imperfect.
The third step investigated the CGCM and RCM-downscaled CGCM projections for future
periods under two Representative Concentration Pathways (RCPs). The climate projections
used CMIP5 simulations for boundary conditions. The two RCMs (RCA and CCLM) and the
corresponding CGCM simulations are used to investigate the projected changes in teleconnection
patterns in the future climate. The period 1976 - 2005 is considered as the reference for the
present climate, and projected analysis is performed for the far-future climate (2070 - 2099).
The analysis focus on two emission scenarios known as RCP4.5 and RCP8.5 which represent
a mid and a high-level emission scenario. Investigation of the future changes in ENSO/IOD
frequency and intensity from the CGCMs reveals a spread amongst the models, with some
models indicating an increase of ENSO/IOD frequency and intensity, but others indicating a
decrease or even no/small change. However, there is a general agreement in CGCMs with an El
Nino-like (positive IOD- like) warming pattern over the tropical Pacific (Indian) ocean. Both
CGCMs and downscaled results indicate an increase of OND mean rainfall over the Eastern horn
of Africa under both RCPs, which might be linked with a faster warming rate in the western
parts of the Indian ocean that is critical region for East African rainfall. During ENSO and
IOD years, two important changes were found in the teleconnection signals of the future: 1) over
eastern part of the domain (Eastern horn of Africa), the ENSO/IOD related rainfall anomaly is
stronger compared to the present, and 2) over the southern part of the region the ENSO/IOD
signal is weakened. This signal is consistent in all global and regional model simulations.
5.2 Concluding remarks
In this section, the conclusions of the research described in the thesis are presented. The aim and
objectives of the research, outlined in the first chapter, are reviewed and the findings obtained
for each of the objectives are stated. The overall aim of this study is to examine the ability of
climate models (regional and global) to reproduce the telconnection forcing of tropical SST on
rainfall over eastern Africa and investigate whether or not the present teleconnection patterns
persist in the future under increase greenhouse gas scenarios. Particular emphasis has been
given in examining the propagation of a large-scale teleconnection pattern, such as the ENSO
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and IOD, from a reanalysis or GCMs to RCMs. To this end a number of objectives were set that
evaluated the ability of regional models to reproduce rainfall over the region and their ability to
transmit teleconnection signals across the boundary.
Objectives:
1. To evaluate the ability of the RCMs to simulate the observed spatial and
temporal characteristics of rainfall
An initial evaluation of the ability of regional models to reproduce regional rainfall char-
acteristics of eastern Africa showed that many RCMs simulated better rainfall climatology
that of the driving reanalyses, demonstrating that the downscaling can add value to the
driving data by resolving small-scale processes, as found by Di Luca et al. (2012) and
Nikulin et al. (2012). Moreover, the analysis revealed that the multi-model ensemble mean
outperformed the results from individual regional models as well as driving reanalysis,
largely as a consequence of cancellation errors between the models. While the multi-model
ensemble mean provides better representation of the average climate, it does still indicate
that single model downscalings do not adequately sample the uncertainty space. Thus,
it is prudent to use downscaled data from as many sources as possible, for example the
CORDEX programme, when assessing downscaled rainfall products.
2. To evaluate the ability of the RCMs reproduce the regional teleconnection
responses to the propagated signal via the boundary forcing
Examination of the ability of RCMs to simulate SST-rainfall teleconnection patterns shows
RCMs have the capability to reproduce the observed regional teleconnection patterns (re-
gional responses). The study has demonstrated that the largest source of uncertainty in
the regional climate model simulations is the choice of boundary condition dataset. The
ERA-Interim driven RCM simulations have better agreement with observation than the
CGCM-driven RCMs in reproducing regional teleconnection patterns (regional responses).
When RCMs are driven by CGCMs at the boundaries, the teleconnections between large-
scale climate modes and regions rainfall patterns depend on the selection of the driving
CGCM. This implies the use of a single GCM for downscaling and using downscaled prod-
uct for assessment of climate change projections is not adequate. Moreover, while many
of the di↵erences in regional teleconnection patterns are related to the driving fields, dis-
agreements in regional responses are also existed due to di↵erences in RCMs physics and
parameterizations. Therefore, a prudent approach for reducing uncertainties in future
regional scale climate change projection is using as many GCM-RCM combinations as
possible.
3. To assess how well models (global and regional) can simulate the atmospheric
circulation patterns/anomalies associated with the teleconnections in the his-
torical period
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Sea level pressure (SLP) and low-level (850 hPa) wind anomalies associated with the warm
and cold phases of ENSO and IOD simulated by global and regional are examined for the
present and future period.
The results show that the models performance in reproducing the large-scale anomalies in
SLP and low-level winds are consistent with their performance at representing the rainfall
anomalies. The ERA-Interim driven simulations produce a more realistic representation
in the magnitude of circulations fields. Consistent with the rainfall anomalies, CanESM2
and MIROC5 and their corresponding downscaled results fail to represent anomalous cir-
culation patterns associated with ENSO and IOD in most of the examined regions and
seasons. This reflects that its not only the parameterizations in the RCMs that are the
cause of the errors in the downscaled rainfall fields, the driving circulation states were not
captured, as CGCM-derived boundary conditions were incorrect.
4. To investigate the whether the historical teleconnections persist in future under
a global warming scenario
In projections of the future, the spatial pattern of teleconnections between ENSO/IOD
and rainfall still persist. However, important changes in the strength of the teleconnection
have been identified as represented by the models. During JJAS, ENSO is important
driver of rainfall variability, both regional and global ensemble simulations show higher
rainfall during La Nin˜a and lower rainfall during El Nin˜o over the northern part of the
region. This implies increase in intense rainfall events over the region during future La
Nin˜a events. In OND, the magnitude of the teleconnection pattern associated with both
the ENSO and IOD is enhanced over Eastern of horn Africa (Somalia, Djibouti, and eastern
part of Ethiopia and Kenya) and reduced over the southern part of Eastern Africa (most
part of Tanzania, Uganda, and western Kenya). The OND rainfall teleconnections are
stronger and also more consistent between the models and scenarios as compared to the
JJAS teleconnections. This suggests heavy rains and flooding events will increase across
the Eastern horn of Africa during positive ENSO and IOD phases. On the one hand, these
findings have an important implication for water and agricultural managers and policies in
the region to tackle the anticipated droughts and floods associated anthropogenic climate
change. On the other hand, the results provide insight/implication for seasonal forecasting
in future, as there is still a strong reliance on empirical relationships.
The work here demonstrates that models, both CGCMs and RCMs, are useful tools for ex-
amining the teleconnective control of rainfall over Eastern Africa. As teleconnection patterns
connected to large-scale circulation, they are mainly described in the GCMs, and the RCMs are
generally ”slave” to the CGCM boundary conditions. The results show that Era-Interim driven
RCMs adequately reproduce the sign and strength of observed teleconnections with large scale
climate modes. The largest source of uncertainty in the regional simulations in reproducing in
regional teleconnection patterns is the choice of the driving CGCM, suggesting the use of a single
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CGCM for downscaling and examining teleconnection forcing of regional rainfall is insu cient.
Additionally, as there are some di↵erences in results due to regional model physics, it is vital that
the largest possible ensemble of CGCM and RCM be examined in order to better characterize
the attendant uncertainties and that single model studies be avoided.
5.3 Caveats and recommendations for future work
Identifying and acknowledging the study’s limitations and making a proposal for further study
is an essential part of a research work. In this regard, some limitations of this research study
have been identified and recommendations for further research are made.
• The di↵erent gridded observational datasets used for model validation shows large di↵er-
ences, which highlight significant uncertainties and errors in observational datasets over
the region. It is thus critical to improve the observational network and assess the uncer-
tainty among gridded observational datasets so that the model can be validated well for
the region. The availability of good quality of observational data will further help to bet-
ter understand the observed climate variability and extremes and to improve confidence in
projected changes.
• This study is used only part of the CORDEX RCMs due to availability of the simulations at
the time of the analysis. Thus, to establish the robustness and solidity of the results further
work may assess the rest of CORDEX RCMs to reproduce the historical teleconnection
patterns and investigate future projected changes.
• Our analysis focused on two rainfall seasons - JJAS and OND. The long rainfall season
that occurs in MAM was not considered in the analysis since the MAM rainfall variability
has a weak association with tropical SST anomalies at inter-annual time scale. Although
the response of MAM to SSTs at inter-annual time scale is known to be weak, the season
has recently experienced a series of devastating droughts and a decline in rainfall totals for
the last 2-3 decades. In this context, recent studies using the CMIP5 GCM simulations
have shown that the majority of CMIP5 projections projected/predicted an increase in
MAM rainfall for the coming decades (e.g., Rowell et al., 2015), which is contrary to the
recent downward trend. This contrast has been named the East African climate paradox.
Therefore, there is a need for evaluating the CORDEX models to capture the recent decline
of the long rains, and assess whether or not the RCMs agree with CMIP5 GCMs on
contrasting past and future MAM rainfall trends.
• This study provided important information about the future changes in rainfall associated
with ENSO and IOD over Eastern Africa. However, the physical mechanisms responsible
for the change in teleconnection patterns are not fully investigated. Thus, a further ex-
perimental analysis (including thorough investigation of feedback processes) is required to
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help and contribute towards in understanding of the key physical processes that drive the
change in teleconnections.
• Finally this study has indicated that the largest source of uncertainty in the regional climate
model simulations in the context of teleconnective forcing of rainfall over East Africa is the
choice of a GCM. Therefore, the use of a single GCM for downscaling and using downscaled
product for assessment of climate change projections is insu cient. Results from multi-
RCM nested in more than one GCM, like CORDEX experiments, are required for dealing
with the uncertainty and providing estimates of likely ranges of future climate changes.
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